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ABSTRACT
The discovery of quasi-periodic oscillations (QPOs) in magnetar giant flares has opened up prospects
for neutron star asteroseismology. However, with only three giant flares ever recorded, and only two
with data of sufficient quality to search for QPOs, such analysis is seriously data limited. We set out
a procedure for doing QPO searches in the far more numerous, short, less energetic magnetar bursts.
The short, transient nature of these bursts requires the implementation of sophisticated statistical
techniques to make reliable inferences. Using Bayesian statistics, we model the periodogram as a
combination of red noise at low frequencies and white noise at high frequencies, which we show is
a conservative approach to the problem. We use empirical models to make inferences about the
potential signature of periodic and quasi-periodic oscillations at these frequencies. We compare our
method with previously used techniques and find that although it is on the whole more conservative,
it is also more reliable in ruling out false positives. We illustrate our Bayesian method by applying
it to a sample of 27 bursts from the magnetar SGR J0501+4516 observed by the Fermi Gamma-ray
Burst Monitor, and we find no evidence for the presence of QPOs in any of the bursts in the unbinned
spectra, but do find a candidate detection in the binned spectra of one burst. However, whether this
signal is due to a genuine quasi-periodic process, or can be attributed to unmodeled effects in the
noise is at this point a matter of interpretation.
Subject headings: pulsars: individual (SGR 0501+4516), stars: magnetic fields, stars: neutron, X-rays:
bursts, methods: data analysis, methods: statistical
1. INTRODUCTION
Neutron stars present the best test cases for extreme
physics in the high-density regime. A long-standing
problem in neutron star physics is our lack of understand-
ing of the neutron star interior, in particular, the dense
matter equation of state (Lattimer & Prakash 2007). The
conditions in both a neutron star’s core and crust, the
composition of its matter and the topology and strength
of the magnetic fields remain mysteries that are very dif-
ficult to tackle with most conventional methods. The de-
tection of quasi-periodic oscillations (QPOs) in the tails
of giant flares from Soft Gamma Repeaters (SGRs) has
opened up the possibility of studying neutron star interi-
ors using asteroseismology (see Watts 2012 for a review).
SGRs exhibit regular bursts in the hard X-rays and
soft γ-rays (. 100 keV), and very rare giant flares with
extremely high isotropic equivalent radiated energy of
up to 1046 erg (see e.g. Palmer et al. 2005). Observa-
tions of persistent soft X-ray counterparts showing co-
herent pulsations with large periods of 5 − 8 seconds
(Kouveliotou et al. 1998, 1999), and the detection of
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the same periodicities in the tails of the giant flares
(Hurley et al. 1999; Palmer et al. 2005), suggested that
SGRs are neutron stars. Their behavior is understood
within the context of the magnetar model (Thompson
& Duncan 1995): in this paradigm the SGRs are iso-
lated neutron stars with exceptionally strong external
dipole magnetic fields, largely above the quantum criti-
cal limit Bc = 2pim
2
ec
3/he = 4.4 × 1013 G (where me is
the mass of the electron, c the speed of light, h Planck’s
constant and e the absolute value of the electron charge),
with internal fields that may be as high as8 1016 G. Gi-
ant flares are powered by a catastrophic reordering of
the magnetic field (Woods et al. 2001). Since this field
is coupled to the solid crust, Duncan (1998) suggested
that such large-scale reconfiguration might rupture the
crust, creating global seismic vibrations that would be
visible as periodic modulations of the X-ray and γ-ray
flux. This idea was confirmed by the detection of QPOs
in the expected range of frequencies (∼ 10− 1000 Hz) in
the tails of giant flares from two different magnetars (Is-
rael et al. 2005; Strohmayer & Watts 2005, 2006; Watts
& Strohmayer 2006).
If the QPO frequencies can be reliably identified with
particular global seismic modes of the neutron star, then
they can in principle be used to constrain both the equa-
tion of state and the interior magnetic field. This ex-
citing possibility has driven a major effort to develop
theoretical models of the vibrations. One major issue is
the effect of the strong magnetic field, which threads the
crust and the core, giving rise to a spectrum of magneto-
8 Supported by period and period derivative measurements;
see http : //www.physics.mcgill.ca/˜pulsar/magnetar/main.html
for an up-to-date reference list on magnetar spin-down properties
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elastic oscillation frequencies that includes both continua
(which give rise to unusual dynamical responses, Levin
2007) and discrete modes. At present there is some dis-
agreement about the nature and effects of the continua
on the resulting frequencies and their longevity (see for
example van Hoven & Levin 2011, Gabler et al. 2011,
and Colaiuda & Kokkotas 2012). Uncertainties in the
composition of the neutron star crust, and the role of
superfluidity, will also have an effect (Watts & Reddy
2007; van Hoven & Levin 2008; Steiner & Watts 2009;
Andersson et al. 2009). How stellar vibrations cause high
amplitude variations in X-ray emission is also not clear,
and processes in the magnetosphere may play an active
role (Timokhin et al. 2008; D’Angelo & Watts 2012).
A major obstruction to this field of research is the spar-
sity of data. Since the launch of the first X-ray and
γ-ray instruments, only three giant flares have been ob-
served, with just two having data with a sufficient time
resolution to detect QPOs. In trying to overcome this
lack of observational constraints, it is therefore a rea-
sonable approach to turn to the much more numerous
short SGR bursts with lengths of usually less than a sec-
ond and luminosities around 1040 erg s−1. Hundreds of
SGR bursts have now been observed from many magne-
tars9. Additionally, several intermediate flares have been
detected, with observational properties somewhere be-
tween those of the SGR bursts and those shown by giant
flares (Ibrahim et al. 2001, Lenters et al. 2003, Guidorzi
et al. 2004, Israel et al. 2008). At present the nature of
the trigger mechanism for both the giant flares and the
shorter bursts is an open question (Thompson & Duncan
1995; Lyutikov 2003; Duncan 2004; Woods et al. 2005;
Gill & Heyl 2010; Perna & Pons 2011; Watts 2012; Levin
& Lyutikov 2012), but it is certainly possible that the
oscillations detected in giant flares may be excited in the
smaller events as well. The detection of periodic signals
in SGR bursts is however restricted by their length: gi-
ant flares can last up to hundreds of seconds, whereas a
typical SGR burst is shorter than one second, restricting
the minimum frequency that can be searched.
To date there has been no systematic search for pe-
riodic features in the lightcurves of the SGR bursts. A
search for QPOs in a period of enhanced emission with
multiple bursts (a ‘burst storm’), from the magnetar
SGR J1550-5418, carried out using data from the Fermi
Gamma-ray Burst Monitor (GBM), found no significant
signals (Kaneko et al. 2010). El-Mezeini & Ibrahim
(2010) searched a subset of Rossi X-ray Timing Explorer
data from SGR 1806-20 for periodic features and found
some tentative signals: however there are several points
of concern with regard to their methodology which we
address conceptually in Section 2.1 and in detail in Ap-
pendix A.
Searching for QPOs in transient light curves is a non-
trivial task. Standard methods involving Fourier anal-
ysis are defined for infinitely long, stationary processes,
owing to the periodic nature of the sine functions used
in the Fourier transform. The very nature of a tran-
sient event - it has a start, one or more peaks, and an
9 see e.g. Woods & Thompson 2006, Mereghetti 2008 for
overviews or http://f64.nsstc.nasa.gov/gbm/science/magnetars/
for a collection of SGR bursts observed with the Fermi Gamma-Ray
Burst Monitor (Fermi/GBM)
end - complicates the analysis procedure and introduces
additional sources of uncertainty. For transient events
where the shape of the burst envelope is known, many
problems arising from the non-stationarity can be solved
either analytically (Guidorzi 2011) or via Monte Carlo
simulations (Fox et al. 2001). However, many astrophys-
ical transients do not show a well-behaved burst light
curve that is easily reproducible by a simple function.
Magnetar bursts in particular exhibit a variety of shapes
in the burst envelope, translating into different power
spectral shapes in the Fourier domain, which need to be
taken into account when deriving significances from the
periodogram. This in itself can be interesting, aside from
searching for QPOs: the different burst envelope shapes
must be created by a physical process in the source, ei-
ther in the form of noise processes or non-stochastic emis-
sion processes, and characterising the differences may tell
us more about the emission processes at work.
This paper presents the application of a Bayesian
method, first derived for long-duration time series data
of Active Galactic Nuclei (AGN) in Vaughan (2010),
to timing analysis of magnetar bursts. We choose this
method for its capabilities in finding periodicities and
QPOs in red-noise dominated periodograms. However,
we attempt to answer not only the question of whether
there are indeed QPOs, but also to characterize the ape-
riodic timing behaviour of the bursts. Given the uncer-
tainty that exists over the trigger and emission mecha-
nisms for magnetar bursts, such an additional diagnostic
will be useful. The method that we develop is general,
in the sense that it may be applied to other transients of
similar light curve morphology such as gamma-ray bursts
(GRBs).
In this paper we illustrate the power of this new
method by applying it to timing analysis of a sample
of SGR bursts recorded by Fermi GBM. Specifically,
we search observations taken during an intense flaring
episode of the SGR J0501+4516 for periodic and quasi-
periodic signals, and characterise the broadband noise
processes seen in the bursts. This SGR was discovered
on 2008 August 22, when a burst triggered the Swift
Burst Alert Monitor (Barthelmy et al. 2008; Holland
et al. 2008). The same burst subsequently triggered the
Fermi/GBM, which then recorded high time-resolution
data of a total of 29 bursts over 13 days (Lin et al.
2011). An RXTE Target of Opportunity pointing re-
vealed a spin period of 5.76 s (Go¨g˘u¨s¸ et al. 2008). With
a spin-down period of (1.5±0.5)×10−11 s s−1, the dipole
magnetic field was estimated as 2.0×1014 G (Woods et al.
2008; Rea et al. 2009; Go¨g˘u¨s¸ et al. 2010).
In Section 2, we give an overview of the general
Bayesian method of searching for periodicities and QPOs
in burst data, including a comparison to previous meth-
ods. Section 3 presents details of the instrument and
the data reduction process for this burst sample. We
then characterize both the method’s power and limita-
tions by applying the method first to a large number of
simulated observations with and without artificially in-
troduced periodic signals in Section 4. Subsequently, we
apply the method to the Fermi GBM burst sample from
SGR 0501+5416. In Section 5 we first outline the method
using one particular burst as an example, before giving
results for the whole sample. In Section 6, we discuss the
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significance of our results, and put them in context with
current theoretical models. The purpose of this paper
is to lay out the method and test it thoroughly on sim-
ulated data before applying it to a small burst sample
to demonstrate its power on real data. In future work,
it will be applied to a larger sample of short as well as
intermediate bursts and giant flares.
2. VARIABILITY ANALYSIS METHODS
Our goals are to search for periodic and quasi-periodic
signals in light curves of SGR bursts as well as to charac-
terize the broadband variability behaviour of the bursts.
To this end, we employ Fourier techniques (van der Klis
1989), extending them for the special case of transient
light curves and the presence of broadband variability in
our burst light curves. Note here that, following Vaughan
(2010), we use the expression periodogram for the squared
Fourier transform of the data. We assume that it is the
sampling of the burst envelope as well as one or several
noise processess. We use the expression power spectrum
to denote the underlying physical process of which the
periodogram is a sample, i.e. a realization.
2.1. Monte Carlo Simulations of Light Curves:
Advantages and Shortcomings
Monte Carlo simulations of light curves are a standard
tool in timing analysis (see for example Fox et al. 2001).
The underlying idea is simple: one fits an empirically
derived (or physically motivated) function to the burst
profile. One then generates a large number of realiza-
tions of that burst profile, including appropriate sources
of (usually white) noise, such as Poisson photon count-
ing noise. The periodograms computed from these fake
light curves form a basis against which to compare the
periodogram of the real data. For each frequency bin,
a distribution of powers is produced, with a mean that
depends both on the Fourier-transformed burst envelope
shape and the noise processes introduced into the light
curve, while the scatter around that mean follows the
noise processes only (a χ2 distribution with 2 degrees of
freedom - denoted χ22 - for a wide range of noise processes,
as long as the central limit theorem holds).
Comparing the observed power in each bin with the
distribution of simulated powers in the same bin allows
us to make a statement about the probability of the ob-
served power in a particular bin being due to a noise
process: if the observed power in a particular bin is a
high outlier compared with the distribution of simulated
powers in that bin, then the probability of observing the
data under the (null) hypothesis of a noise process is 1/N ,
where N is the number of simulations performed. If N is
large, the observed outlier is unlikely to be produced by
the noise process alone.
It should be noted, however, that this test only rejects
the null hypothesis, it does not directly give evidence for
the alternative hypothesis, i.e. the hypothesis we test the
null hypothesis against, to be true. As we will explain
in more detail in this section, a faulty assumption for
the noise model may well produce significant detections
which are, in fact, due to a noise process we have not
taken into account appropriately. Conversely, a power
that does not exceed the maximum simulated power may
still be a significant signal, if the maximum simulated
power is a rare event.
Note that the probability derived from the Monte Carlo
simulations must be subjected to a correction for the
number of frequencies and bursts searched (the num-
ber of trials, also called Bonferroni correction or “look-
elsewhere effect”), since for a large number of frequencies
and light curves searched, we would expect a number of
outliers that would otherwise be counted as (spurious)
detections.
The Monte Carlo method outlined above is versatile
and powerful, but it has limitations. The most impor-
tant limitation comes from our lack of knowledge of the
underpinning physical processes producing the observed
light curve. Only if the null hypothesis accurately re-
flects the data - apart from the (quasi-)periodic signal
for which we would like to test - is the test meaningful.
If important effects that distort either shape or distribu-
tion of the powers are missed, then the predictions made
will not be accurate, leading to either spurious detections
or real signals not being found.
More often than not, especially in the case of short
magnetar bursts, we do not have complete information
about the emission mechanism. Short magnetar bursts
are extremely diverse, varying in light curve shape as well
as burst intensity and duration (see, for example, Go¨g˘u¨s¸
et al. 1999 and Go¨g˘u¨s¸ et al. 2000). Unlike for thermonu-
clear X-ray bursts, where the Monte Carlo technique is
widely employed (see for example Fox et al. 2001 and
Watts et al. 2005), we do not know the underlying ape-
riodic shape of the light curve (see e.g. Figure 1 for an
illustration of a complicated SGR light curve and peri-
odogram). In order to apply this method, we therefore
have to fit the light curve using a parametric approach
involving e.g. higher-order polynomials or splines, and
then use this as a template for the Monte Carlo simula-
tions. There is an essential degeneracy in that problem
originating from our lack of knowledge: which features
do we fit? Which do we consider to be part of the burst
envelope, or potential candidates for a periodic signal
on top? This is an arbitrary decision, however one that
greatly influences the probability of detecting spurious
signals.
The situation is further complicated by the poten-
tial presence of so-called red noise: random processes
that produce broadband, aperiodic variability, frequently
with power-law type shapes in the Fourier domain. Red
noise supplies large powers at low frequencies and little
at high frequencies, and a realization of a red noise pro-
cess can appear to the naked eye in the light curve like
a possibly periodic process (the four peaks in the light
curve of Figure 1, for example, seem to mimic periodic
behaviour, but there is only a very broad bump in the
periodogram, and it is impossible to distinguish between
a broken power law and a very broad quasi-periodicity in
this case). The presence of red noise will significantly al-
ter the distribution of powers in each frequency bin from
what it would be if the light curve consisted of a purely
deterministic envelope and Poisson-distributed detector
noise. Thus, even when the shape of the burst enve-
lope can be adequately modeled by a single, deterministic
function, there may nevertheless be false positive detec-
tion of single-bin QPO features which are purely due to
scatter in low-frequency bins owing to the presence of red
noise that has not been taken into account.
In Figure 2, we set up a model that contains only red
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Fig. 1.— Fermi GBM observation of burst 080823478a from SGR J0501 + 4516; left: light curve with a time resolution of 0.001 seconds.
Structure in the burst profile and tail is clearly visible. Right: Periodogram of the burst light curve shows flat Poisson noise at high
frequencies, and an excess of power over the Poisson level at low frequencies, owing to the complex shape of the light curve.
aFermi/GBM bursts are numbered by date in the format YYMMDDFFF with YY, the year minus 2000; MM, the two-digit month; DD
the two-digit day of the month and FFF the fraction of the day
Fig. 2.— This figure illustrates the effect that inadequate fitting of a light curve containing red noise can have on estimating the significance
of potential QPO signals from Monte Carlo simulations. Here, we followed the routine laid out in Timmer & Koenig (1995) to create a
light curve from a red noise power spectrum with power law index of ≈ −2 with Poisson noise added (left panel, solid dark blue line). The
input model contains no periodic or quasi-periodic signal. We then binned the resulting light curve to a very coarse time resolution (ten
data points) and fit the resulting binned function with a spline (left figure, orange curve). Note that the choice of resolution for the fit is
arbitrary: we cannot know a priori from the light curve which features are created by a broadband noise process or a quasi-periodic signal.
The binned light curve was used as the basis for Monte Carlo simulations. The figure on the right side shows the periodogram of the fake
light curve (dark blue line), with the maximum (red downward triangles) and minimum (green upward triangles) simulated power in each
bin. The maximum and minimum powers at each frequency were found by sampling the distribution of powers at that frequency in 1000
Monte Carlo simulations of the light curve fit (orange line in the left panel) with added Poisson noise, i.e. not taking into account red
noise, and taking the minimum and maximum samples. Note the spurious detections at 25 Hz and 70 Hz, where peaks in the periodogram
clearly stick above the distribution of expected noise powers, even though there is no QPO feature at this frequency: it is entirely created
by red noise.
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noise, and find a significant detection despite the fact
that there was no QPO introduced into the light curve.
This illustrates the fundamental problem with simulat-
ing light curves that have an unknown underlying shape.
Features may be due to broadband noise features in the
light curve, which are not accurately represented by the
coarse light curve, and thus not adequately modeled by
our null hypothesis. Hence, these features are flagged as
a significant detection (with a single-trial probability of
10−3), despite not being due to an underlying (quasi-) pe-
riodic process. In the absence of a well-known underlying
burst envelope shape or physically motivated models of
both noise and burst envelope, it is thus not advisable to
apply this method to magnetar bursts (or any transient
events with complex light curve shape) in order to de-
rive meaningful conclusions about the presence of QPOs
in the light curve. This is one of several shortcomings of
the procedure presented in El-Mezeini & Ibrahim (2010).
We comment on this paper in the context of our new pro-
cedure in greater detail in Appendix A.
We note that the distinction between QPOs and some
forms of noise is not clear cut. By convention, one usu-
ally defines an upper boundary for the full-width half-
maximum FWHM < ν0/2 (where ν0 is the QPO’s cen-
troid frequency, van der Klis 2006) for the feature to be
called a QPO, however, this is a somewhat arbitrary de-
cision. In this work, we consider aperiodic noise only in
the form of power laws or broken power laws, as opposed
to QPO features which we assume to be fairly narrow
features (following the convention for the FWHM men-
tioned above) on top of this process. It should be noticed
that in principle, one could fit a broadband feature with
a wide Lorentzian, thus there is some degeneracy in the
modeling. In Section 2.2, we explore whether other sim-
ple, plausible models can fit the data, and will describe
an alternative, conservative method, based on the as-
sumption that red noise dominates the power spectrum.
This is unlikely to be completely true, although many
bursts seem to have a red noise component of varying
strength, but as we will lay out in the following sec-
tions, this assumption is less prone to producing false
positive detections, at the cost of increased risk of false
non-detections.
2.2. Modeling the Periodogram
Another approach to the problem uses models of the
observed periodogram rather than the light curve and as-
sumes any low-frequency broadband variability to be due
to a noise process. In a way, this is the other extreme to
the approach of using Monte Carlo simulations of light
curves: the former is based on the null hypothesis that
any power in the periodogram is due to a combination of
a deterministic burst envelope, photon counting (white)
noise and a putative (quasi-) periodic signal that is to be
detected. When modeling the periodogram, we instead
assume that there is no deterministic contribution from
the burst envelope and the entire observed emission is
due to a noise process. Unless the emission process itself
is a noise process, this may not be a valid assumption
either. In effect, assuming pure red noise while the light
curve has both a noise component and a non-stochastic
envelope will cause us to miss weak signals at low fre-
quencies, because they are buried in the much higher
variance at low frequencies in a broadband noise process
compared to a deterministic burst envelope with only
white noise on top.
For the power spectral modeling, we closely follow the
Bayesian approach developed by Vaughan (2010). One
advantage of the Bayesian framework is the inclusion
of our uncertainty in the model parameters (of the as-
sumed low-frequency noise process) in the error estimate
of any final quantity, although this still assumes that the
functional shape of the spectrum is known; this must
be determined separately, as we will lay out below. In
addition it provides a statistically rigorous framework
to test whether additional model components (such as
Lorentzian QPOs) are required by the data (Protassov
et al. 2002). In the following, we give only a short outline
of the method, and refer the reader to Vaughan (2010)
for a thorough discussion.
Following Bayes’ rule, the posterior probability of a
set of model parameters θ of interest, given the observed
data I and a model H, is defined as
p(θ|I, H) = p(I|θ,H)p(θ|H)
p(I|H) . (1)
Here, p(I|θ,H) is called the likelihood, p(θ|H) the prior
and p(I|H) the marginal distribution of the data. Note
that the latter is often difficult to compute in practice,
and only depends on the data. For ratios of posterior
probabilities utilising the same data, the marginal distri-
bution of the data will drop out of the equation, and will
consequently be ignored in the following.
We use the Bayesian analogue to maximum likelihood
estimation (MLE) to fit models to the observed peri-
odogram data and obtain the Maximum A Posteriori
(MAP) estimates of the model parameters. The MAP
estimate of a parameter set is defined as:
θMAP = arg max
θ
p(θ|I, H) , (2)
where arg is the argument of the maximized posterior
probability, i.e. θmax. The MLE of a given model S(θ)
is computed by maximizing the probability of a data set
I given parameters θ and a model H:
p(I|θ,H) =
N/2∏
j=1
p(Ij |Sj) , (3)
where Ij are the individual powers in the observed power
spectrum, and Sj are the powers in the chosen models
for a parameter set θ. This is equivalent to minimizing
the following function:
D(I, θ,H) = −2 log p(I|θ,H) = 2
N/2∑
j=1
{
Ij
Sj
+ logSj
}
,
(4)
sometimes called the deviance (Gelman et al. 2004).
Note that Equation 4 is only a valid form of Equation
3 if the data are χ2-distributed.
Similarly, we can compute the logarithmic MAP as a
combination of prior and likelihood, using Equations 1,
2 and 4:
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θMAP = arg max
θ
(p(I|θ,H)p(θ|H)) (5)
= arg min
θ
(− log p(θ|H) +D(I, θ,H)/2) . (6)
Equation 6 computes the mode of the posterior distri-
bution over parameter space, i.e. the most likely param-
eters given the observed data and the model. We use the
formalism above for any analysis done in this work.
Without a physically motivated burst emission mecha-
nism, we cannot know what shape the analytic part of the
burst envelope takes, or the existence and characteristics
of a potential red noise component in the data. Since
both the burst envelope and any red noise processes sup-
ply power over a large range of frequencies (unlike QPOs,
which are confined to narrow regions of frequency space),
there is an essential degeneracy in any model we attempt
to fit, adding a number of assumptions about the burst
shape and red noise properties to whatever inference we
try to make. In the absence of any physical motivation,
we make a simple, yet probably overly conservative as-
sumption: all broadband power in the periodogram is
supplied by a red noise process. The limitations on our
inferences that come from this assumption will be fur-
ther discussed in Section 4, but its main disadvantage is
the fact that weak signals in the low-frequency part of
the spectrum are likely to be missed. We see this as an
acceptable trade-off in return for having a very low false
positive detection rate. The advantage of this assump-
tion is that we can treat the entire broadband variability
seen in the periodogram as a realization of a noise pro-
cess and follow an entirely empirical approach to model-
ing the periodogram: if we find a function that describes
the underlying power spectrum well, we can use this as
a basis to compute many realizations of this power spec-
trum and compare these to our observed data. A very
broad class of power spectral shapes well represented in
nature are power laws:
P (ν) = βν−α + γ , (7)
where α is the power law index, and broken power laws,
which can be reduced to Equation 7 by setting ρ = 0:
P (ν) = βν−α1
(
1 +
{ν
δ
}(α2−α1)/ρ)−ρ
+ γ , (8)
where α1 and α2 are the power law indices at low and
high frequencies, respectively, and we require α2 < α1.
δ is the break frequency at which the power law index
changes. In both models, β is a normalization term and γ
is a constant to account for the presence of white (Pois-
son) noise in the periodogram. Note that the broken
power law is a more general expression of the bent power
law used in Vaughan (2010), including the additional
smoothness parameter ρ to account for the smoothness
of transition between the two power law components.
Our lack of knowledge of the emission processes in
magnetar bursts leads us to choose uninformative prior
probability distributions for all model parameters: a
p(θ) = 1/θ dependence for all scale parameters β, γ
and δ (a Jeffreys prior, see Vaughan 2010 and refer-
ences therein), and flat priors p(θ) = constant for all
other parameters. Together, these two classes describe
a large range of broadband variability, and are likely to
be sufficient in describing the low-frequency behaviour
of most magnetar burst periodograms. In what follows,
we choose our broadband noise model from one of these
two. However we include an overall goodness-of-fit test
and comment where the model fails this test for individ-
ual bursts.
There are several ways to distinguish between models.
One often used statistic for nested models, i.e. models
where one is a special case of the other, is the Likelihood
Ratio Test (LRT). The LRT statistic is based on the
ratio of the likelihood values for the two models, the null
hypothesis H0 and the alternative hypothesis H1:
TLRT =−2 log p(I|θˆ
0
MAP , H0)
p(I|θˆ1MAP , H1)
(9)
=Dmin(H0)−Dmin(H1) .
In order to decide whether a data set is adequately
described by the null hypothesis or not, one often re-
sorts to Monte Carlo simulations of the null hypothe-
sis. In the Bayesian framework, one can employ a cer-
tain type of Monte Carlo simulations, so called Markov
Chain Monte Carlo simulations (MCMCs), to draw pa-
rameter sets from the posterior distribution of possible
parameters and generate predictive (fake) periodogram
data this way. MCMCs have the advantage that for a
stable chain that has converged, the samples generated
in that chain will always approximate the posterior dis-
tribution of parameters, i.e. the distribution for each
parameter that summarizes our entire knowledge of the
problem. The posterior distribution for each parame-
ter is obtained by marginalizing (i.e. integrating) over
all other model components. In the case where the pa-
rameter distributions are non-Gaussian, this allows for
far more accurate modes and errors on the individual
parameters than standard methods like the covariance
matrix. Probably the most widely known and employed
MCMC algorithm is the Metropolis-Hastings algorithm
(Metropolis et al. 1953; Hastings 1970). However, in
many situations, convergence of this algorithm is slow
and hence computationally expensive. In this work, we
employ the so-called stretch-move algorithm as imple-
mented in python by Foreman-Mackey et al. (2012) in
the module emcee. emcee uses so-called ensemble walk-
ers: a set of Markov chains that is split in two, where
each half is evolved using the state of the other half as
an input, thereby increasing efficiency in converging to-
wards the posterior distribution of parameters.
The MCMC produces a sample of parameter values (of
the null hypothesis, e.g. a continuum model) drawn from
the posterior distribution of the data. From this sample
we randomly draw parameter vectors and use these to
generate fake periodograms. We can then compute a
distribution for a statistic T to compare with the same
statistic derived from the observed data, Tobs. In the
case of model selection, the faked data are fit with both
a simple and a more complex model (e.g. a power law
and a broken power law), H0 and H1, identical to the
procedure performed on the observed data. This gen-
erates a distribution of TLRT s, which is then used to
calculate the corresponding tail area probability (i.e. the
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probability of obtaining a value of the test statistic that
is at least as extreme as the one observed under the as-
sumption of the null hypothesis, also called p-value) for
the observed value of T obsLRT . If this probability is very
small (the actual detection level is subject to choice, for
example p < 0.05), then the observed reduction in Dmin
between H0 and H1 is larger than can be expected by
chance if H0 were true. More clearly, we reject the null
hypothesis in this case, although this test cannot be seen
as direct evidence that the alternative hypothesis is true.
Conversely, if the probability is not very small, then H0
is sufficient to describe the data.
Just as data were simulated for assessing the proba-
bility of T obsLRT , we can generate fake data in the form of
MCMCs to calculate the distribution of any test statis-
tic we choose. One is particularly sensitive to the kind
of model features we are interested in detecting, namely
breaks/bends in the smooth continuum, in that it indi-
cates whether the model provides a good overall fit to the
data, or whether additional model components may be
needed. This simple statistic for goodness-of-fit of ape-
riodic features, based on the traditional χ2 statistic, i.e.
the sum of the squared standard errors (Anderson et al.
1990; Vaughan 2010), is
TSSE = χ
2(I, θˆ) , (10)
where
χ2(I, θ) =
N/2∑
j=1
(Ij − E[Ij |θ])2
E[Ij |θ] =
N/2∑
j=1
(
Ij − Sj(θ)
Sj(θ)
)2
and E[] indicates expectation. This is a good test
of overall goodness-of-fit which will be sensitive to
inadequacies in the continuum modeling since all data
points are included (as opposed to the TR statistic, i.e.
the biggest outlier in the data, which we will present
below in Section 2.2.1).
We have now characterized the broadband noise prop-
erties. This information will be the basis for any model-
ing of the data done in the remainder of this section. In
the following, we define a test statistic for outliers in the
data, show how to compute posterior predictive p-values
for this statistic, and lay out a method to find broader
signals, i.e. QPOs, in the data.
2.2.1. Searching for (Quasi-)Periodicities
The procedure for searching for periodicities and QPOs
in the data follows the same basic logic applied to the se-
lection of a broadband noise model above. We compute
a statistic from the periodogram, then generate a large
number (e.g. 1000) of simulated periodograms from an
MCMC sample, compute the desired statistic from each
simulated periodogram in turn and finally compare the
observed value of the statistic to the distribution gener-
ated from the sample of simulations.
In what follows, we have to distinguish very narrow
features (with scale parameter, i.e. half-width half max-
imum (HWHM) smaller than or close to the frequency
resolution of the periodogram) from broader QPO sig-
nals with HWHM that are significantly larger than the
periodogram’s frequency resolution.
In order to investigate narrow features, a sensible
statistic to use is the maximum ratio of observed to
model power, or
TR = maxj(Rˆj) , (11)
where
Rˆj = 2Ij/Sj
and Ij and Sj are observed and model powers as defined
above. The factor of 2 normalises the residuals in such
a way that Rˆj will be distributed as χ
2
2. Drawing from
many MCMC simulations, we can compute the tail area
probability of TR from its distribution, or the probability
that the observed power Ij,max was produced purely by
noise generated by a broadband model. This probabil-
ity need not be corrected for the number of frequencies
searched, as this is already taken into account by the fact
that we search the entire frequency range for each simu-
lated periodogram, but if several bursts are searched, it
is necessary to correct for the number of bursts searched.
Using the posterior distribution of TR from the
simulations, we can also easily compute the sensitivity
to a periodic signal that could have been present in
the data, but would have been missed. Sensitivities
will be independent of frequency in the white noise
range, but strongly depend on frequency in the red
noise range, for a simple reason: a signal that would
be highly significant in the white noise range could
be buried under strong red noise of equal or larger
strength in the low-frequency part of the spectrum,
rendering it invisible to our detection methods. We
compute sensitivities for the amplitude of a potentially
missed periodic signal by finding that value of TR in our
simulated posterior distribution which corresponds to
a posterior predictive p-value of 5% or lower. We then
compute the corresponding signal powers Ij = RjSj/2
and convert these to fractional rms amplitudes at four
representative frequencies - 40 Hz, 70 Hz, 100 Hz and
500 Hz -, two of which are, for typical magnetar bursts,
in the red noise dominated part of the spectrum, one
right on the boundary to white noise and the last safely
in the white noise dominated part of the spectrum. It
is, in principle, possible to compute sensitivities for
every frequency in the periodogram, however for brevity
we decided to restrict ourselves to four frequencies
where QPOs may be found as an indicator of the rms
amplitude a signal would have to have in the different
parts of the spectrum in order to be detectable. Note
that the sensitivities computed here are different from
an upper limit in the sense that they do not require the
actual observation of the highest power in the spectrum:
the quantity is derived entirely from the simulations, and
thus presents a theoretical upper limit to what we could
have measured, independent of what we have actually
measured in the observed burst itself (see Kashyap et al.
2010 for a discussion on the real meaning of upper limits).
One shortcoming of the TR statistic is that it opti-
mally detects periodic signals confined to one frequency
bin, i.e. either strictly sinusoidal signals or QPOs with
a width that is smaller than the frequency resolution of
the periodogram. It should be noted that even a strictly
sinosoidal signal will distribute power in more than one
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bin, unless its frequency is exactly the Fourier frequency.
This redistribution of the power can account for an aver-
age loss of roughly 30% (assuming random distribution
of the sinusoidal frequency within a bin) in the frequency
bin containing the sinusoid. Broader signals may well be
detected, if they are strong enough, but since the power
is spread over several bins, this is not an optimal way of
detecting broad signals. There are several ways around
this restriction. One is to bin (or smooth) the data in
some way, and compute TR for the binned data, assuming
that any tentative signal power will now be concentrated
in each bin. If we bin the simulated periodograms in
the same way, then the test statistic TR for the binned
data is comparable to the distribution approximated by
our simulations, and the latter can be used to derive
posterior predictive p-values. One can either bin the pe-
riodogram with several frequency resolutions and search
for QPOs in each, assuming that for a QPO of a given
width, all its power will be confined to the central one or
two frequency bins if the frequency resolution is coarse
enough. Alternatively, one can bin the periodogram geo-
metrically, where the bin size grows with frequency. This
way, using the (fairly arbitrary) definition that a QPO
must have a full-width half maximum ∆ν narrower than
ν0/2, with ν0 the centroid frequency of the QPO, (see
e.g. van der Klis 2006), one accounts for the fact that
QPOs at higher frequencies can have a larger range of
widths.
An entirely different approach to the problem, which
we also include in our analysis, starts out from a model
selection point of view, addressing it in a similar fashion
to the way one chooses between broadband noise mod-
els. Assuming that a quasi-periodicity is simply another
type of random process, one may fit the periodogram si-
multaneously with a broadband noise process as well as
a Lorentzian representing a QPO and compare the re-
sulting fit with that of the broadband noise model only.
Following Protassov et al. (2002), we can utilise the likeli-
hood ratio in this case if we compare it to the distribution
of likelihood ratios as approximated by MCMC simula-
tions. It is important to note that fitting narrow features
with a Lorentzian is statistically challenging (Park et al.
2008; Barret & Vaughan 2012). For quasi-periodic fea-
tures broader than a single bin, but only distributed over
a few bins, we smooth the periodogram with a Wiener
filter over 3, 5 and 11 frequency bins and compare the
maximum power in each of the resulting smoothed spec-
tra via the same method used for searching for single-bin
periodicities presented above. Subsequently, we use the
method of fitting Lorentzians only for features broader
than 5 times the frequency resolution of the periodogram.
Additionally, we cross-check our detection method for
QPOs by searching binned spectra of lower frequency
resolution than the original periodogram.
We begin by fitting a Lorentzian plus a constant to
the residuals of the data divided by the preferred broad-
band noise model. At each frequency, we fix the centroid
of the Lorentzian to that frequency and let the code fit
the scale parameter (HWHM) and the normalization of
the Lorentzian. This way, we generate an estimate of
the deviance at every frequency. The frequency where
the MAP estimate is largest we define as our tentative
QPO identification. Note that we use a Jeffrey’s prior
(p(x) ∝ 1/x) on the QPO normalization, and a flat prior
on the QPO HWHM that rules out widths outside the
range 5∆ν to ν0/2), where ∆ν is the frequency resolution
of the periodogram and ν0 the frequency at which we are
currently fitting (the centroid frequency). This should
help us avoid some of the problems with fitting narrow
signals as laid out in Park et al. (2008). Restricting our-
selves to HWHM larger than 5∆ν is consistent with our
choice of fitting the smoothed data: we do not expect the
HWHM to be narrower than the binning we have chosen,
thus we do not allow optimization to smaller widths. Ad-
ditionally, we exclude the first and last three frequency
bins in order to avoid effects introduced by trying to fit
a Lorentzian to one of the edges of the periodogram.
Subsequently, we combine the results from the broad-
band model fitting and the residual fit that yielded the
highest estimate for the deviance, and use both as a start-
ing point for a mixed model to the observed data. We
use the same priors as before, but use the best-fit param-
eter sets of the broadband model fitting and the residual
fitting as inputs to the optimization routine. We expect
that this will put us fairly close to the global minimum
and help us avoid some of the problems associated with
trying to minimize a multimodal likelihood function.
Finally, we form a likelihood ratio between the broad-
band plus QPO model and the broadband model alone.
The above procedure is repeated in exactly the same
way on a large sample of MCMC generated fake peri-
odograms in order to produce a distribution of likelihood
ratios from the broadband model alone. Comparison
of the observed likelihood ratio then allows the deriva-
tion of a tail area probability that the observed tenta-
tive QPO could be generated from the broadband noise
model alone. It should be noted that because the model
fitting of Lorentzians on the residuals on many simulated
periodograms is computationally expensive, we restrict
the analysis to a smaller number of simulations (usually
N ∼ 500). The resulting distribution of likelihood ra-
tios will be less reliable, but reliable enough to rule out
most cases where there is no QPO present. If the fraction
of simulations exceeding our criterion follows a binomial
distribution, we can compute the error on the p-value
from the standard deviation of our p-value estimate: for
p < 0.05 and 500 simulations, the error on the p-value
is ∆p =
√
p ∗ (1− p)/N = 0.0097. For all borderline
cases where the posterior predictive p-value drops below
∼ 0.1, we repeat the analysis with a larger number of
simulations (∼ 1000, decreasing the error on the p-value
to ∆p =
√
p ∗ (1− p)/N = 0.0069) to make our estimate
of the posterior p-value on the likelihood ratio more re-
liable. Since the error on the p-value is not high enough
to bring a signal at the 5% level up to p = 0.1, we should
be able to catch all significant QPOs in this way.
2.3. Summary of Procedure
The Bayesian procedure laid out above has three parts:
(a) find the preferred broadband noise model to represent
the low-frequency part of the periodogram, (b) search the
periodogram for the highest outlier and compare this out-
lier to those distributed by pure broadband noise to find
narrow features, (c) search for QPOs in the data, us-
ing binned data as well as an identical approach for the
model selection in the first step. A step-by-step descrip-
tion can be found in Appendix B.
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Every step in the analysis follows the same logic: as-
sume a null hypothesis and an alternative hypothesis,
compute statistics to summarise the data-model fits for
the two different models, generate a sample from this null
hypothesis using MCMC, then compare the distribution
of the relevant statistic derived from the sample gener-
ated from the null hypothesis to the observed value of
that statistic. If the observed value lies in the high-end
tail of the distribution, then it is an outlier with respect
to the null hypothesis.
Since the entire procedure rests on the correct choice
of broadband model, this is the first step of the analysis.
The data are fitted with two continuum noise models,
which, by definition of the likelihood ratio test, are re-
quired to be nested. The likelihood ratio is the statis-
tic we use to decide which model is preferred by the
data. We simulate a large number of fake periodograms
from parameter sets drawn from the posterior distribu-
tion of parameters, as approximated by a large number
of MCMC simulations. Then these fake periodograms
are fit with both models again to build a distribution of
likelihood ratios from the simple model. We can compute
the tail-area probability (p-value) of the observed likeli-
hood ratio to be typical of the distribution (equivalent to
asking whether the observed data is sufficiently described
by the simpler model) by integrating over the tail of the
distribution. If this probability is lower than a chosen
significance threshold, then the data is more likely to be
drawn from the more complex model hypothesis, which
should then be adopted for the rest of the analysis.
Finding periodicities with widths equal to or smaller
than a single bin (both smoothed or unsmoothed) fol-
lows the same principle. We find the highest outlier in
the residuals of the data divided by the best-fit broad-
band model, and compare this to a distribution of out-
liers computed in the same way from a large number
of periodograms created from an MCMC sample. These
fake periodograms do not have a periodic signal (our null
hypothesis), thus if the observed outlier were far away
from the simulated distribution of outliers, it is unlikely
that the outlier has come from this distribution, and we
hence favour the alternative hypothesis: that the outlier
was indeed produced by a separate physical process.
Finally, we approach the QPO search as a model se-
lection problem. In order not to bias ourselves to a fre-
quency, we fit a Lorentzian at every frequency to the
periodogram residuals smoothed over five bins, keeping
the centroid frequency of the Lorentzian fixed while al-
lowing the other parameters to vary. This will give us
the MAP estimate for that model at each frequency. We
pick the frequency with the highest MAP estimate, and
fit a combined broadband model plus Lorentzian to the
actual data set. In this case, however, we leave all pa-
rameters free, although we use the best-fit parameters
from the residual fit as input to the simulations. This
minimizes the risk of getting stuck at a local maximum
of a multimodal likelihood function. This way, we can
compute a likelihood ratio between the broadband noise
model with an added Lorentzian component to the pure
broadband model fit. We repeat this procedure on a large
number of fake periodograms without a QPO and com-
pare the distribution of likelihood ratios to the observed
likelihood ratio. Again, if that probability is very small,
the observed data are unlikely under the null hypothesis,
and the observed feature is unlikely the result of a chance
fluctuation from an aperiodic noise spectrum alone.
3. DATA REDUCTION
We now turn to a sample of magnetar bursts and il-
lustrate our method on simulations as well as a small
dataset as described below.
3.1. Fermi/GBM
The Gamma-ray Burst Monitor (GBM) is one of two
instruments on board the Fermi Gamma-ray Space Tele-
scope, launched in June 2008 (Meegan et al. 2009). With
its wide field of view and continuous broad-band energy
coverage between 8 keV and 40 MeV, Fermi GBM is
well-suited for observing magnetar bursts. The instru-
ment triggers on magnetar bursts, providing high time-
resolution data for 30 seconds before and up to 300 sec-
onds after the trigger. Three data types were routinely
output: CTIME data provide a higher time resolution
(64 ms), but low energy resolution (8 channels), whereas
CSPEC data provide high energy resolution (128 chan-
nels) at low time resolution (1024 ms). Note that CTIME
and CSPEC data are available in lower resolution con-
tinuously; the quoted numbers are valid for trigger mode
only. In this paper, only data of the third type, so-called
time-tagged event (TTE) data, were used, since they pro-
vide the high time resolution (2µs) required for timing
analyses, while retaining full spectral resolution as well.
For a detailed description of the available data modes
and their properties, see Meegan et al. (2009).
3.2. Observations
Fermi/GBM triggered 26 times on SGR J0501 + 4516
between 2008 August 22 and 2008 September 03, observ-
ing 29 bursts. Two of these (080824054 and 080825200)
had saturated parts, and were therefore excluded from
the analysis due to the rather complicated effects satu-
ration can have on periodograms. Following Lin et al.
(2011), we used only NaI detectors with an angle to the
source smaller than 50 deg for each of the 24 triggered
and 3 untriggered bursts. The data were barycentered
and channels converted to the mid-energy of each en-
ergy bin. The observations were then energy-selected to
include only counts between 8 and 100 keV. The lower
limit to the energy is set by the detector response (Mee-
gan et al. 2009), the upper limit was found by inspecting
energy-resolved light curves and finding no source counts
above 100 keV (as indicated by the counts being consis-
tent with the Poisson distribution expected from count-
ing noise). Burst start times and lengths (T90 durations)
were taken from Lin et al. (2011), and are summarized
in Table 1 of that paper. We added 20% of the burst du-
ration to both ends of the burst in order to ensure that
we caught the entire burst, and all burst start times and
durations in the remainder of this article are to be un-
derstood this way. A selection of six bursts is shown in
Figure 3, to emphasize the diversity of burst morpholo-
gies we encounter.
4. DETECTABILITY SIMULATIONS
We test the power of our detection method on a large
number of fake observations: light curves with or with-
out a burst envelope, one or several noise processes and
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Fig. 3.— Light curves of six example bursts from the magnetar SGR J0501 + 4516 recorded by Fermi/GBM. We combined data from
all NaI detectors with source angles smaller than 50 degrees to the source. The time resolution corresponds to 0.005 seconds. Note the
strong component of aperiodic variability after the main burst in 080823478 and the differences in peak count rate by almost one order of
magnitude between the upper three bursts and the lower three.
a periodic signal. We restrict ourselves in the following
to detecting periodic or narrow quasi-periodic signals for
reasons of computation time, since the QPO detection
method introduced in Section 2.2.1 is computationally
expensive and hence unfeasible to run on the large num-
ber (of the order of several thousand) fake light curves
employed here to understand the effect of different com-
ponents in the light curve on detectability of periodic
signals.
While in the previous section we laid out the general
principles of the method, our main goal in this section
is to characterize how our assumption of pure red noise
influences detection rates when this assumption is not
true, e.g. in light curves with a strong burst envelope, or
when the assumption holds, i.e. in light curves that con-
tain only red noise. We start out with a simple estimate
for the importance of the burst envelope on the statistical
distribution of the observed powers in our burst sample,
and then use one burst from our sample as a template
for extensive simulations of light curves into which we
artificially inject a periodic signal of varying fractional
rms amplitude.
4.1. A Simple Estimate
The method laid out in Section 2.1 is based on the
assumption that an observed light curve consists of a de-
terministic burst envelope - a window function of some
kind - and Poisson noise originating in the quantum na-
ture of light when photons impinge on the detector. One
may view the deterministic envelope as a physical pro-
cess giving rise to the overall shape of the burst, follow-
ing the same or at least similar functional dependencies
for potentially all bursts, and, more importantly, not a
realization of a noise process that would alter the gen-
eral shape of the burst significantly in a stochastic way.
This sets it apart from other processes we consider, which
contribute to the light curve in a stochastic way. Note,
however, that the characteristics given above do not im-
ply that the burst envelope itself may be a realization of
a stochastic process, with variable parameters between
bursts. The combination of burst envelope and Poisson
noise is the null hypothesis against which one wishes to
test. One must then ask which part of the light curve
is supplied by the burst envelope, and what could be
due to a potential periodic process. The presence of red
noise clearly renders the fundamental assumption of this
method invalid. Assuming pure red noise, on the other
hand, lets us avoid a question we cannot easily answer:
how much of the observed light curve can be attributed
to the burst envelope, and how much to a potential noise
process. We do not know a priori what the shape of the
burst envelope might be, nor what the power spectral
density of the noise process looks like. To first order, we
already impose a window function on the periodogram
simply by having a short burst: the light curve we Fourier
transform is short, equalling a window function that is
one between start and end times of the burst and zero
everywhere else.
To make a first rough estimate of the effect of the rela-
tive strength of the burst envelope, we take all 27 bursts
from the sample described in Section 3 and stretch each
light curve to have the same total length of 0.2 seconds
in order to make the time scales comparable. We then
computed the Leahy-normalised periodogram for each
light curve, gathering all powers in 5 Hz-bins for all 27
bursts. This yields distributions of powers for each 5
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Fig. 4.— Variation between Leahy-normalised periodograms of
27 magnetar bursts. We stretched each light curve to normalise all
to the same burst duration by multiplying the photon arrival times
by a scaling factor, and then computed periodograms for each of
the 27 bursts in our sample. We then gathered powers in 5 Hz bins
to yield distributions of powers from all bursts for each of the 5 Hz
bins. For the pure red noise assumption to be valid, the resulting
distributions should follow a χ22 distribution scaled to the mean of
the powers in each bin. Here, we plot the standard deviation in
each of the 5 Hz bins divided by the mean of the distribution for
each bin. This quantity should be close to 1 for pure red noise.
The assumption holds above about 30 Hz, but becomes invalid
below. Thus, statements for QPO features below 30 Hz should be
interpreted with caution.
Hz bin. For a noise process, the observed powers should
follow a χ22 distribution scaled by the mean power in
each bin. Thus, computing the standard deviation for
each bin and dividing by the mean power should yield a
value close to 1, if the powers are truly χ22 distributed.
This assumption may be broken in two possible ways.
First, for steep power laws, the mean in a 5 Hz bin may
drop significantly, yielding powers that do not follow a
χ22 distribution. Secondly, for bursts that vary signifi-
cantly in brightness, the low-frequency red noise com-
ponent may vary between bursts, and again, the distri-
bution will be altered from our expectation. In Figure
4, we show exactly the dependence on frequency of this
quantity. Above 30 Hz, the data seems to follow the
noise distributions fairly well, while below 30 Hz, it de-
viates significantly upwards. There are multiple possible
reasons for this. While we have corrected for the differ-
ences in burst durations, we have not normalized for the
differences in fluence. Since burst fluences vary by over
an order of magnitude within the sample, this may sig-
nificantly increase the variation in burst periodograms.
Alternatively, differences in burst envelope may account
for some of this variation as well. It should be noted
that one fundamental assumption underlying this test is
the idea that all bursts are governed by the same kind
of red noise spectrum. This may not necessarily be true,
especially for bursts varying by over an order of magni-
tude in fluence, and a larger sample of bursts would be
needed to draw any solid conclusions about the burst en-
velope from this kind of analysis. We conclude, for the
purpose of our analysis, that the burst envelope seems
to become largely unimportant above 30 Hz, and thus
Fig. 5.— Detection rates for simulated light curves of pure white
noise (a light curve of constant count rate), a strictly periodic sig-
nal at 100 Hz and Poisson noise. We varied the fractional rms
amplitude between 1% and 20% and compared with theoretical
predictions calculated using the formalism in Groth (1975). Dif-
ferent symbols and colours indicate (total) detection rates for the
unsmoothed periodogram and three smoothing factors included in
our analysis. Hollow markers and dashed lines correspond to total
detection rates, filled markers and solid lines true positive indicate
the number of true positive detections, defined here as the detec-
tions at the frequency where the signal was injected (as opposed
to the total detection rate, which includes both true positive and
false positive detections). Note that for white noise simulations,
total and true positive detection rates practically lie on top of each
other. True positive detection rates for our simulated light curves
match white noise predictions (in green) within the uncertainties
(not shown), indicating that our method performs equivalently well
to standard Fourier techniques in the white noise regime. Since the
rates of true positive detections trace the total detection rates fairly
closely, we conclude that our method is not hampered by excessive
numbers of false positive detections. For transient phenomena, this
regime includes all frequencies above which slowly varying features
in the light curve, e.g. red noise, do not dominate the power spec-
trum.
above this threshold our assumption of pure red noise
is reasonable. Below, one should regard any conclusions
drawn about QPOs with caution. However, this simple
estimate is only provided to give an idea of where the
burst envelope might be important. In the following,
we perform detailed simulations of various kinds of light
curves, both including and excluding a burst envelope,
red noise and periodicities, in order to probe the effect
the different components may have on the detectability
of QPOs under the assumption of pure red noise.
4.2. White Noise Simulations
In order to test the detectability of (quasi-)periodic sig-
nals in complex burst light curves, we simulated a large
number of fake observations of bursts and injected a peri-
odic signal with varying frequency and fractional rms am-
plitude in order to cover a large range of possible signals.
The phase of the injected periodic signal was randomized
for all simulations to avoid correlations between simula-
tions. For each combination of frequency and fractional
rms amplitude, we simulated 100 light curves which we
then ran through our analysis method as if they were
real observations. While this is not enough to draw solid
statistical conclusions about detectability rates, it gives
a qualitative idea of what can be detected and what can-
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not.
It is important to note that the amplitude of the sig-
nal we quote in all of this section is the fraction by which
the underlying emission will be modulated. If the under-
lying signal is flat, then this amplitude corresponds to
the fractional rms amplitude as measured from the peri-
odogram. However, if the burst and the periodic signal
vary together, such that the fractional amplitude at each
point in the light curve is constant, this is not longer
true. The reason for this discrepancy lies in the fact
that a multiplicative process such as the one described
here corresponds to a convolution in the Fourier domain,
which will keep the product of the power in both pro-
cesses - the burst and the periodic signal - constant, but
redistributes power towards frequencies close to that of
the periodic signal. The result will be a broadened peak
in the power spectrum instead of a delta function. While
the power in the two central bins will be the constant
fractional rms amplitude corresponding to that we would
have measured for al flat light curve with a periodicity,
the side wings due to the convolution supply power that
may be, in practice, indistinguishable from an intrinsi-
cally broad QPO. Hence, one would include these side
bands into the calculation for the fractional rms ampli-
tude, and in practice measure an amplitude that is larger
than that we put in. A characterization of this effect is
beyond the scope of this paper; we merely wish to remind
the reader that they must take these effects into account
when considering the fractional rms amplitudes quoted
in this Section.
In a first step, we tested the simplest case: (flat)
white noise. We created flat light curves with a constant
count rate, a periodic signal at 100 Hz of varying
fractional rms amplitude, randomized phase and Poisson
noise. In this limit, our method should match standard
Fourier analysis techniques and follow the predictions
of Groth (1975). In Figure 5, we show the theoretical
predictions for white noise together with the results of
our simulations. The observed detection rates match
the white noise predictions fairly well, and our method
deviates from expectations only for a fractional rms
amplitude of 5%, but remains within the uncertainty
(a 5% error on a detection rate of ∼ 0.6 is expected
based on 100 simulations). Thus, in the limit of white
noise, our method is equivalent to standard Fourier
techniques. For any signal at higher frequencies, where
slowly varying processes do not distort the power
spectrum, we will be as sensitive to a QPO as standard
techniques. It should be stressed that the probabilities
we quote include a Bonferroni correction for the number
of frequencies, and are thus not directly comparable to
single-trial detection probabilities.
4.3. Pure Burst Envelope Simulations
In order to test the effect of a burst envelope on de-
tectability, we started with the extreme assumption: the
burst is dominated by a complex burst envelope and Pois-
son statistics, lacking any red noise. In order to generate
the complex burst envelope, we smoothed the light curve
of 080823478 (see Figure 1) to an arbitrary cut-off fre-
quency, in our case roughly 35 Hz, creating a smooth light
curve with several broad peaks. We included Poisson
noise in each simulation, and a periodic signal at 40, 70
Fig. 6.— Periodograms of simulated light curves including a com-
plex burst envelope shape and a periodic signal, without Poisson
noise. We varied the frequency from 20 Hz to 100 Hz, and kept
a constant fractional rms amplitude of 20%. The signal at 20 Hz
(green) is almost invisible, and likely impossible to distinguish from
the underlying burst envelope, hence we do not consider signals this
low in the following analysis. For a signal at 40 Hz (orange), our
method is unlikely to be able to distinguish between the broadened
periodic signal and the burst envelope, causing low detection rates
for even high rms amplitudes. As the signal moves to higher fre-
quencies (magenta: 70 Hz, dark blue: 100 Hz), detection rates con-
verge towards the detection rates predicted for white noise (black
dashed line).
and 100 Hz with an absolute amplitude that varied with
the flux of the burst envelope such that the fractional
root-mean-square amplitude remained constant. We var-
ied the fractional rms amplitude between 1% and 20%,
and ran simulations without a periodic signal in order to
quantify false positive detection rates.
In Figure 6 we present a selection of periodograms
of the resulting combined light curves without Poisson
noise. Most notably, the multiplication of a complex
burst envelope with a periodic signal in the light curve
leads to a significant broadening of the periodic signal in
the Fourier domain, including wings and side-lobes. In
this scenario, signals below 40 Hz should be undetectable,
whereas at higher frequencies detection rates should ap-
proach what we would predict for pure white noise. The
combination of the envelope from the fit solution and a
periodic feature additionally changes the slope of what
our method will interpret as broadband noise in the case
where a periodic signal is located just at the break where
the noise powers drop towards the white noise level. We
predict that this will lead to decreased detection rates as
well.
Figure 7 presents total detection rates as well as
true positive detection rates (both out of 100 simulated
bursts) at 40, 70 and 100 Hz for five different fractional
rms amplitudes and both unsmoothed and smoothed
periodograms. True positive detection rates are mea-
sured as detections at the frequency of the injected pe-
riodic signal. As predicted, detection rates increase to-
wards higher frequencies, where the envelope becomes
unimportant. While there are no true positive detec-
tions for the unsmoothed periodograms at low frequen-
cies, the number of true positives for the smoothed pe-
Timing analysis of magnetar bursts 13
Fig. 7.— Detection rates for periodic signals at various frequen-
cies on top of a smoothed burst envelope. The envelope is generated
by smoothing the light curve of burst 080823478. This introduces
a sharp cut-off at around 35 Hz (corresponding to the timescale
of smoothing) that is unlikely to be seen in real light curves. De-
tection rates at 40 Hz are strongly suppressed, indicating that at
low frequencies, chances of detecting even a very strong signal are
small. Note that while there are no true positive detections (as
defined in the caption of Figure 5) at 40 Hz for the unsmoothed
periodograms, the number of true positives for the binned peri-
odograms closely traces the total detection rates. Detection rates
increase with frequency and fractional rms amplitude as expected.
riodograms closely traces the total detection rates. This
points towards a significant broadening of the periodic
signal as a result of its convolution with the burst enve-
lope. In general, at frequencies below 100 Hz, detection
rates for periodograms smoothed to three or five bins are
higher than for the unsmoothed periodograms or those
smoothed over 11 bins. At higher frequencies, the detec-
tion rates for unsmoothed periodograms approach those
of the smoothed periodograms. At 5% fractional rms am-
plitude or below, there may be a significant contribution
from false positive detections, which vanishes for higher
fractional rms amplitudes and higher frequencies.
4.4. Envelope Plus Red Noise Simulations
We used light curves composed of both a burst enve-
lope with a simple functional form as well as a power
law red noise component, combined with Poisson statis-
tics and a periodic signal of varying frequency, amplitude
and randomized phase. Although both the burst enve-
lope and the red noise shape are guesses and to some
degree degenerate - a different choice of burst envelope
shape may lead to a different estimate of the red noise
power spectrum - we believe that this type of light curve
is likely to be more realistic than the pure burst envelope
model, based on the observation that bursts consistently
rise faster than they decay (indicating the presence of a
deterministic component) and the large variety in burst
shapes otherwise (indicating the presence of some form
of variability on many time scales that is typical for red
noise).
For the largely qualitative conclusions we wish to draw
here, neither the exact shape of the burst envelope, nor
the exact parameters of the red noise are important, al-
though both are interesting questions in their own right
and beyond the scope of this paper. Instead, we wish to
give a representative example of the general behaviour
one may expect when applying the method presented
here to light curves of transient events with complex light
curves.
As before, we use burst 080823478 as a template burst
on which to base our simulations. This burst presents
an interesting profile, with a main spike and several fea-
tures that are reminiscent of red noise (see Figure 8). We
cannot exclude the possibility that the latter is actually
due to a more complicated emission mechanism, and can
only state that its timing properties are consistent with
red noise. We fit the entire light curve with several mod-
els, all based on a fast-rise, exponential decay (FRED)
profile of the type
f(x) = Aλ exp
( −τ1
(t− ts) −
(t− ts)
τ2
)
. (12)
Here, τ1 and τ2 are the rise and decay timescales, re-
spectively, ts is the burst start time, A is a normalization
constant (or burst amplitude) and λ = exp(2(τ1/τ2))
1/2
(Peng et al. 2010). This model has been successfully ap-
plied to gamma-ray bursts (GRBs) in the past and ap-
pears to be a reasonable first assumption for magnetar
bursts with their exponential-like tails and shorter burst
rise times compared to the decay timescale. Because the
burst has a sharp initial spike and then a long, relatively
flat, but very variable tail, a single FRED profile has
trouble fitting the entire light curve well: it can either
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Fig. 8.— This figure shows the effect that different choices of burst envelope have on conclusions for the relative strengths of the red
noise component and envelope component in the low-frequency part of the periodogram. Left: light curve of burst 080823478 with single-
component fast-rise exponential decays (FRED) fit (magenta), a FRED profile with a straight line to account for the long tail (orange)
and a combination of two FRED profiles (green); right: periodogram of the same burst and all three fits from 4 to 600 Hz. There are clear
differences in how strong the envelope is at low frequencies. The Poisson noise level is shown in a light blue dashed line for comparison.
fit the main spike with its sharp decay, or the long tail,
but not both together. Hence, we implement two more
complex hypotheses: a FRED profile to account for the
initial spike, on top of a linear function modeling the
slow decay, as well as a model with two FRED compo-
nents. The former does not fit the beginning and end of
the burst well, as it does not drop to background noise
level as it should at the start and end of the burst. The
latter provides the best fit of the three, but is the model
with the largest number of parameters and requires an
explanation for the origin of the additional FRED com-
ponent. The periodogram presented in the right panel of
Figure 8 shows how important the choice of burst enve-
lope is for disentangling red noise and deterministic en-
velope at low frequencies: if the burst envelope could be
modeled with a single FRED profile, the low-frequency
part of the power spectrum would be entirely dominated
by red noise, and the assumptions we make in Section 2.2
hold to a fairly high degree. If the model has additional
components, however, either in form of a straight line,
another FRED profile or another type, this component
will dominate the periodogram up to about 60 or 70 Hz.
As a consequence, assuming pure red noise in this part, if
the more complex hypothesis were true, our assumption
of pure red noise might be a poor one in this frequency
range. For what follows, we choose the combination of
FRED and linear model, to keep our model as simple
and the number of free parameters as low as possible.
Having chosen a model for the overall burst morphol-
ogy, we make an estimate of the red noise part of the
power spectrum: we de-trend the light curve by dividing
the light curve by the lightcurve model fit and compute
the periodogram of the residuals. De-trending in this
way will give us a light curve fluctuating around a mean
of 1, and in line with our assumption, we consider the
variance around that mean to be red and white noise
only. We fit a power law (for the red noise) plus a con-
stant (accounting for Poisson noise) to the periodogram
of the residuals, and take the resulting power law fit as
a template power spectrum to simulate red noise light
curves from. Using the method from Timmer & Koenig
(1995), we simulate 100 light curve realizations from red
noise power spectra only. Note that light curves simu-
lated according to Timmer & Koenig (1995) will have
entirely uncorrelated phases, which may introduce a bias
into the light curves if this does not accurately reflect
reality. More importantly, light curves generated this
way are distributed around a mean of zero. In reality,
light curves with negative count rates are unphysical,
however, any transformations applied to the simulated
light curve will result in correlations between phases in
the periodogram. We choose a method following Uttley
et al. (2005) to generate log-normally distributed light
curves that have no negative data points, accepting that
the assumption of log-normally distributed light curves
introduces a potential bias into our simulations via the
correlations it introduces between the phases in the pe-
riodogram. Each red noise light curve is combined with
the template assumed for the burst envelope. This will
provide us with 100 light curves including both an enve-
lope and a red noise component which we can use as fake
observations to be analysed through our method. We add
periodic signals in the same way as in Section 4.3, how-
ever, since the red noise we included in the simulations
does not drop off as sharply as the burst envelope in the
previous section, the periodogram at 100 Hz is still con-
taminated by red noise. Thus, here and in the following
section, we also include simulations with a periodic sig-
nal at 150 Hz to probe the white-noise dominated region,
and run each light curve through our Bayesian detection
method.
The detection rates for various frequencies are shown in
Figure 9. Signals at 40 Hz are not detectable, with either
no or very few true positive detections. Detection rates
rise for higher frequencies towards the white noise limit,
although even for 150 Hz, a signal at a fractional rms
amplitude of 5 % or 10 % is still somewhat suppressed.
The effect of red noise on detectability is more wide-
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Fig. 9.— Total (hollow markers and dashed lines) as well as true
positive (filled markers and solid lines; for a definition see cap-
tion of Figure 5) detection rates for a periodic signal on top of a
combined burst envelope and red noise light curve. The different
panels correspond to different frequencies of the periodic signals,
from 40 to 150 Hz. As before, we include detection rates of both
the unsmoothed and smoothed periodograms. Note that for the
case where a periodic signal is combined with a burst envelope
and red noise, the periodic signal will be significantly broadened,
and thus one can more successfully detect these signals in binned
or smoothed periodograms. This is especially true at 70 Hz. For
higher frequencies, the difference becomes smaller, but is still ap-
preciable.
spread in frequency compared to the case of a pure burst
envelope, where the power due to broadband variability
drops sharply around 40 Hz. Binned or smoothed peri-
odograms are generally better at detecting periodic sig-
nals combined with a burst envelope and red noise, with
detection rates in the unsmoothed periodogram only ap-
proaching the performance of the smoothed spectra (and
at the same time the white noise limit) for high frequen-
cies. This again is due to the broadening of the periodic
signal in the convolution with the burst envelope and
red noise. As for the pure burst envelope simulations,
total detection rates contain a significant contribution
from false positive detections, and true positive detec-
tion rates approach total detection rates for high fre-
quencies and large fractional rms amplitudes. We note
that the false positive detection rate at low fractional rms
amplitude seems uncharacteristically high for the 3-bin
periodogram at all frequencies in these simulations. At
present, we do not understand the reason for this. It is
possible that the broadband fitting is not entirely reli-
able in some of the simulations. In practice, the results
from the broadband fitting of the periodograms of real
bursts are checked to ensure minimization to a global
minimum. Additionally, we believe the number of false
positive detections is easily corrected for by requiring
that, in practice, signals at low fractional rms amplitude
need to be significant in at least two different smoothed
or binned periodograms.
4.5. Pure Red Noise
As a last example, we test detectability under the hy-
pothesis that our light curve has no deterministic element
at all, and consists purely of red noise. We generate light
curves using the method from Timmer & Koenig (1995),
using the fit to the periodogram of burst 080823478 as a
template to achieve comparable burst length, fluence and
rms variability. Again, we introduced a periodic signal of
constant rms amplitude and randomized phase into each
light curve, changing the fractional rms amplitude of the
signal for different simulations. Figure 10 presents the
detection rates for the simulations of pure red noise. De-
tection rates for the pure red noise case are comparable
to the case where there is an envelope component, indi-
cating that the presence of a burst envelope does not sig-
nificantly alter detectability of a periodic signal if there
is a red noise component present. Low-amplitude signals
are suppressed in the case where the light curve consists
only of red noise compared to simulations including a
burst envelope. As for the combined light curves, detec-
tion rates for one or more of the binned periodograms
are always equal or higher than for the unbinned peri-
odograms, and below 70 Hz, even strong signals become
nearly undetectable. For high frequencies, the detec-
tion rates approach the white noise predictions and are
slightly higher than predictions for simulations including
both a burst envelope and a red noise component, al-
though detection rates for a fractional rms amplitude of
5% are suppressed even for a 150 Hz periodic signal. This
indicates that the red noise component is still significant
at these frequencies, for the given input spectrum. In
reality, the frequency at which the white noise detection
limit holds will depend on the specific burst variability
for each observation.
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Fig. 10.— Detection rates for a periodic signal on top of a red
noise light curve. The different panels correspond to different fre-
quencies of the periodic signals, from 40 to 150 Hz. As before, we
include total (hollow markers and dashed lines) and true positive
(filled markers and solid lines, definition in caption of Figure 5) de-
tection rates of both the unsmoothed and smoothed periodograms.
Note that signals at 5% rms amplitude or below are generally sup-
pressed, as compared to the white noise detection limit accessible
with standard Fourier techniques.
4.6. Conclusions from the Simulations
The different types of simulations allow us to draw two
important conclusions for QPO detection: (i) in the limit
of a flat light curve, translating to a pure white noise
power spectrum, our method does equally well compared
to standard Fourier techniques, and (ii) detection rates
for more complex light curves depend on the underly-
ing emission mechanism. Even a periodic signal may be
significantly altered (i.e. broadened) by the presence of
a burst envelope and/or red noise, if the periodic sig-
nal is modulated by these aperiodic processes, and this
broadening will depend specifically on the shape of burst
envelope and the red noise parameters, as well as the rela-
tive strengths between the two. A significant broadening
may in turn affect detectability when it alters what our
method interprets as broadband noise, decreasing detec-
tion rates even for high fractional rms amplitudes. For
the small sample of bursts from SGR J0501+4516, a sim-
ple, crude estimate comparing the standard deviation to
the mean in small frequency bins across all bursts in the
sample reveals that the assumption of red noise holds
reasonably well for frequencies above 30 Hz. Below, the
assumption may either be broken by the presence of a
burst envelope, or alternatively the bursts may be suf-
ficiently varied in red noise properties to produce the
observed increase in standard deviation about the mean.
This need not mean that our assumption of red noise is
invalid in this regime, simply that we do not know this
to be true or false. Hence, we caution the reader to in-
terpret results at frequencies this low with care and with
the conclusions of the burst simulations in mind.
In general, signals below 70 Hz or so will be very diffi-
cult to detect, unless they have fractional rms amplitudes
of above 10%. This is not impossible, given the high frac-
tional rms amplitudes observed from the 2004 giant flare
(see Watts 2012, Table 1 for an overview), however, even
for high amplitudes false non-detections may still occur.
We recognize these issues as a shortcoming of the pre-
sented method, however, in the absence of any physical
model or empirical evidence for a consistent burst en-
velope structure, we opt for the conservative approach
presented here. Thus, we caution the reader to keep the
effects described above in mind when interpreting the
posterior p-values and sensitivities quoted in Section 5
below.
On the other hand, we have also shown that while the
sensitivity of our method depends on the type of light
curve analysed, detection rates for both light curves com-
bining an envelope and red noise - the case we consider
most likely for SGR bursts - and for pure red noise light
curves, detection rates are quite similar, within the un-
certainties, indicating that the additional envelope com-
ponent does not significantly alter our chances of detect-
ing a signal. Hence, unless light curves are purely deter-
ministic, our method will yield fairly reliable results. At
the same time, the false positive detection rate is gen-
erally low in most simulations, which is one of the key
goals of developing this technique for transients. False
positive detections can be dealt with by requiring detec-
tion in more than one smoothed or binned periodogram.
Finally, we would like to make two notes: First, the
findings above are based on the assumption that a pe-
riodic signal will vary with the underlying light curve,
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that is, that the fractional rms amplitude, rather than
the absolute amplitude, remains constant. This assump-
tion, of course, need not be true. Instead, the absolute
amplitude may be constant, in which case a periodic sig-
nal would truly remain confined to two frequency bins,
and none of the broadening would occur. Secondly, we
also note that the false positive detection rate is low, as
expected for a conservative approach. For 100 fake obser-
vations, and a detection threshold of p < 0.05 for each
observation, we find roughly 5 false positive detections
in most runs, exactly as expected. The sole exception is
the run that combines a burst envelope and red noise.
At present, it is not clear what causes this increase in
false positive detection rate. The false positive detection
rate can be lowered by tightening the detection thresh-
old to a smaller probability, at the cost of increasing the
upper limit to the amplitude of a signal we might have
missed, or, in other words, increasing the risk of false
non-detections.
5. RESULTS
We computed light curves and periodograms for all 27
bursts (Sections 5.2 and 5.3) as well as time segments
before and after each burst (Section 5.1). In each case,
we produced a light curve by binning the TTE data to
a time resolution of 1/2νNyquist = 1.22 × 10−4 s, corre-
sponding to a Nyquist frequency of νNyquist = 4096 Hz.
The time resolution may be arbitrarily chosen, as long
as it remains poorer than the time resolution of the de-
tector itself, i.e. 2µs for Fermi GBM, although searches
with high frequency resolution up to large Nyquist fre-
quencies quickly become computationally expensive. We
chose the time resolution based on the Nyquist frequency
of interest: we do not expect any signals above 4000 Hz
from neutron star seismic oscillations (McDermott et al.
1988). We search both the unbinned periodogram as well
as the same periodogram binned to integer multiples (3,
5, 7, 10, 15, 20, 30, 70, 100, 200, 300, 500 and 700)
of the frequency resolution of that burst, i.e the actual
frequency resolution of the binned periodograms depends
on the frequency resolution of the unbinned periodogram.
Additionally, we smooth the spectra with a Wiener filter
with different smoothing factors (3,5, and 11) and com-
pare results of the search of binned periodograms with
searches across the smoothed periodograms. Note that
while computing sensitivities for binned periodograms is
statistically straightforward, doing so for a convolution of
the periodogram and a smoothing function is not, hence
all sensitivities quoted refer to either the unbinned or
binned periodogram, but never the smoothed one.
5.1. Checking for spurious timing signals
Fermi GBM sees the entire unocculted sky at any given
point in time. Therefore, the γ-ray background can be
rather complex, and one must exclude that a background
source supplies significant variability to the burst peri-
odogram. To this end, we performed timing analysis on
1 s and 10 s long segments before and after each burst as
well as on the bursts themselves. The light curves con-
structed out of these segments were Fourier transformed
and normalized in order to produce periodograms with a
Leahy normalization (noise powers averaging to 2, Leahy
et al. 1983).
For none of the segments before and after each of the
27 bursts in our sample did we find significant detections
of periodicities or QPOs. All segments present white-
noise dominated periodograms consistent with a Poisson
noise χ2 distribution, indicating that the burst emission
is not contaminated by a background source with sig-
nificant timing behaviour or instrumental effects on the
relevant time scales. This includes any potential signal
from the source itself. Any additional background source
contributing emission would have to have switched on at
the same time as the burst occurred, and switched off
equally fast. This is highly unlikely. Note, however, that
some instrumental effects, particularly dead time, scale
with the source flux, and will not be recognizable in the
background periodograms. Dead time in particular has
an intricate effect on the burst periodogram, and led us to
exclude the brightest bursts, which were also saturated.
5.2. An Example: Timing Analysis of Burst 080823478
In the following, we illustrate the analysis procedure
with one specific burst, bn080823478, before giving re-
sults for the whole sample. This burst had a duration of
T90 = 264 ms and the highest fluence of the sample (see
Table 1). The periodogram for this burst is presented in
Figure 11.
Fig. 11.— Fermi GBM observation of burst bn080823478 from
SGR J0501 + 4516: periodogram and residuals Ij/Sj (for the light
curve, see Figures 1 and 8). Upper panel: unsmoothed (black) and
smoothed (orange; Wiener filter, 5∆ν) periodogram, power law fit
(blue) and broken power law fit (red). Middle panel and lower
panel show the residuals of the power law fit and broken power
law fit, respectively. The broken power law presents a significantly
better fit to the data.
5.2.1. Choosing a Noise Model
After fitting both a simple power law and the more
complex broken power law, we computed the likelihood
ratio between the two models, LRT = 10.69. Note that
here, as well as in the analysis of the remaining sample,
we set the smoothness parameter of the broken power
law to −1 as in Vaughan (2010). The resulting function
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Fig. 12.— The MCMC sample of the parameters for the preferred broadband model for burst 080823478 (here: a broken power law). The
posterior distributions for individual parameters are presented on the diagonal. If a posterior distribution is very broad, then the parameter
is not very well constrained (indicating a high standard deviation on that parameter), and a simpler model might be adequate. The
off-diagonal panels show correlations between parameters (panels opposite of each other, mirrored on the diagonal, are equivalent): scatter
plots for 1000 randomly picked parameter pairs from the entire sample of 250 000 parameter sets, and contours of number density. One can
observe for example a very tight correlation between low-frequency power law index and normalization, and very little correlation between
the normalization and the noise. Other parameters may correlate in more complex ways with each other. The trails and “clumpiness” in
some of the scatter plots indicate that the distributions are not perfectly unimodal, and that even for highly peaked distributions, there
are parameters far off the mean that are nevertheless not entirely unlikely.
should more correctly be called a bending power law in
this case, since it turns over in a smooth bend rather than
a sharp break. Setting the smoothness parameter to −1
introduces a potential bias into the determination of the
low-frequency power law index for this model, however,
including the smoothness parameter in the MCMCs, we
found that the posterior distributions of this parameter
for the bursts in our sample are very broad, indicating
that the parameter is unconstrained. At the same time,
it is correlated with the low-frequency power-law index,
and thus the quoted values for this parameter should be
read with caution. Additionally, we show below that the
overall goodness of fit of the model to the data is good,
indicating that another component is not needed. The
fits to the periodogram and the residuals (data/fit) are
presented in Figure 11. We use the Gaussian approxima-
tion to the covariance and the best-fit model parameters
for the power law model (H0) as input to 500 MCMC en-
semble walkers (see Section 2.2 or Foreman-Mackey et al.
2012 for details) with 100 samples each, after a burn-
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Fig. 13.— Distribution of likelihood ratios for 1000 simulations
of the null hypothesis (power law model). The observed value of
TLRT for burst 080823478 is indicated as a black vertical line. The
further to the right (i.e. the further in the tail of the distribution)
this observed value is located, the more unlikely the null hypoth-
esis becomes, indicating that a more complex model (in this case
the broken power law) may be more appropriate in modeling the
broadband variability.
in phase with 100 samples for each walker. Figure 12
presents the posterior distributions of all five parameters
and their correlations with each other. With 1000 ran-
domly picked parameter sets from this sample of 50000
parameter sets, we create 1000 fake periodograms, and
compute the posterior predictive p-value for the LRT of
the observed data using the formalism outlined in Sec-
tion 2.2. In Figure 13 we plot a histogram of the poste-
rior distribution for the likelihood ratio from the simu-
lated periodograms. The black vertical line indicates the
value of the likelihood ratio of the observed data. For
bn080823478, p(LRT ) = 0.003±0.002, hence we consider
observing these data unlikely under the null hypothesis
(a simple power law), and we adopt model H1 for the
rest of our analysis of this burst.
5.2.2. Searching for Periodicities
Fig. 14.— Histograms of posterior distributions and observed
values (black vertical lines, burst 080823478) of the TR statistic
defined in Equation 11.
We use the broken power law fit to the periodogram to
draw another sample of MCMC parameter sets, in the
same fashion as outlined above, and simulate 1000 fake
periodograms all following a broken power law. From
these, we computed the summed-square residuals TSSE
and search for the highest data/model outlier, TR in the
unbinned and binned periodogram. The latter should tell
us about any features narrower than the frequency reso-
lution n∆ν (where n = 1 for the unbinned periodogram
and n > 1 for binned periodograms), while the former
will give information about the overall fit of the model to
the data. For this burst, we computed the posterior pre-
dictive distribution for the square-summed residuals and
compared this distribution to the observed value, finding
pSSE = 0.49 ± 0.01. As this statistic is an indicator for
how well the model fits the data, we expect a low pSSE to
indicate that the model fit could be improved, either by
implementation of a different model or addition of model
components. For this burst, we conclude the model fits
the data rather well. The highest outlier in the residuals
is at νmax = 2317 Hz with a power 2I/S = 15.71 and
a posterior predictive p-value p(TR) = 0.42 ± 0.02. The
observed maximum power seen in the residuals is well
within the distribution of outliers produced by the Monte
Carlo simulations of the broadband model without any
periodicity (see Figure 14), and is hence unlikely to repre-
sent a real periodic process. Similarly, we find maximum
outliers as well as posterior probabilities of these outliers
for the smoothed and binned periodograms, which show
no significant features, either. The results are summa-
rized with the remaining model parameters as well as the
other bursts in Tables 1 and 2. None of the outliers were
significant, thus we conclude that under our assumption
of red noise, there are no narrow (quasi-)periodic sig-
nals in this data set. The posterior distributions and
the observed values for the unsmoothed and smoothed
periodograms are presented in Figure 14.
We searched the burst for broader quasi-periodic sig-
nals using an additional Lorentzian component and com-
paring the mixture model of broadband noise process
and Lorentzian to the pure broadband model. With a
posterior probability of the pure broadband model of
p(LRT ) = 0.51 ± 0.02 (i.e. the probability that this
model is sufficient in explaining the observed data), we
conclude that there is no QPO in the burst.
5.3. Whole Sample
For all bursts, we followed the same procedure as for
080823478. All of the preferred models had a fairly high
p(SSE), which indicates that the overall fit of the pre-
ferred model to the data is good. A summary of the
results is presented in Table 1. Periodicity searches on
the data are summarized in Table 2. While we compute
posterior p-values for all binned and smoothed spectra,
we only report the results for the unbinned spectra here
for reasons of brevity, and only point out significant re-
sults in the binned spectra where appropriate.
None of the 27 bursts shows periodicities of any note-
worthy significance in any of the unbinned (see Table 2,
column p(TR)) periodograms. The highest data/model
outlier significance is seen in burst bn080823847a (see
Figure 15 for a light curve and periodogram), p(TR) =
0.11 ± 0.01, at frequency νmax = 4057 Hz with a power
P (2I/S) = 18.88, well below the power required to reach
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TABLE 1
Posterior summary of results for the broadband modeling for all bursts in the sample.
Burst ID Length [ms] Fluence [erg cm−2] Model p(LRT ) p(SSE) α1 α2
080822529 86 7.05 flat 0.31 ± 0.01 0.82 ± 0.01 · · · · · ·
080822647 216 19.3 PL 0.10 ± 0.01 0.70 ± 0.01 2.41+0.39−0.35 · · ·
080822981 30 4.41 PL 0.16 ± 0.01 0.84 ± 0.01 2.42+1.44−1.23 · · ·
080823020 66 25.02 PL 0.99 ± 0.002 0.55 ± 0.02 2.72−0.65 · · ·
080823091 676 82.84 flat 0.59 ± 0.01 0.02 ± 0.005 · · · · · ·
080823174 447 14.3 PL 0.09 ± 0.008 0.82 ± 0.01 1.93+0.91−0.71 · · ·
080823248 272 22.18 PL 0.29 ± 0.01 0.85 ± 0.01 4.19+1.95−1.50 · · ·
080823293a 189 20.10 PL 0.11 ± 0.01 0.75 ± 0.01 2.65+0.61−0.60 · · ·
080823293b 38 9.54 flat 0.09 ± 0.009 0.95 ± 0.006 · · · · · ·
080823319 142 19.42 PL 0.16 ± 0.01 0.78 ± 0.01 2.79+1.04−0.70 · · ·
080823330 192 67.05 PL 0.47 ± 0.02 0.18 ± 0.01 2.71+0.36−0.34 · · ·
080823354 96 8.62 PL 0.51 ± 0.01 0.89 ± 0.01 3.35+1.37−1.06 · · ·
080823429 94 14.24 PL 0.09 ± 0.009 0.97 ± 0.005 4.17+1.56−1.28 · · ·
080823478 264 512.6 BPL 0.003 ± 0.002 0.13 ± 0.01 2.16+2.09−0.84 5.21+2.41−3.25
080823623 220 21.12 PL 0.30 ± 0.01 0.23 ± 0.01 1.97+0.55−0.46 · · ·
080823714 406 33.04 PL 0.58 ± 0.02 0.57 ± 0.02 1.77+0.34−0.31 · · ·
080823847a 264 78.61 PL 0.10 ± 0.009 0.63 ± 0.02 2.55+0.33−0.30 · · ·
080823847b 108 33.09 PL 0.92 ± 0.008 0.96 ± 0.005 2.48+0.55−0.48 · · ·
080823986 60 4.37 flat 0.22 ± 0.01 · · · · · · · · ·
080824346 34 5.70 PL 0.99 ± 0.003 0.78 ± 0.01 3.02+3.45−1.58 · · ·
080824828 82 6.39 flat 0.42 ± 0.02 0.86 ± 0.01 · · · · · ·
080825401 128 104.8 PL 0.14 ± 0.01 0.75 ± 0.01 2.25+0.24−0.22 · · ·
080826136 160 507.3 BPL 0.026 ± 0.005 0.99 ± 0.001 2.02+0.89−1.41 4.86+2.82−3.00
080826236 88 17.08 PL 0.99 ± 0.003 0.44 ± 0.02 2.27+0.69−0.57 · · ·
080828875 72 5.28 PL 0.93 ± 0.008 0.92 ± 0.008 3.42+3.09−1.51 · · ·
080903421 50 10.96 PL 0.96 ± 0.006 0.76 ± 0.01 5.20+2.52−2.81 · · ·
080903787 100 13.88 PL 0.06 ± 0.007 0.66 ± 0.02 2.44+0.81−0.61 · · ·
Note. — Burst lengths and fluences are taken from Lin et al. (2011). The posterior probability for the likelihood ratio is always for
the simpler model tested (i.e. either power law or constant). α1 is the power law index in the simple power law, and the low-frequency
power-law index in the broken power law case. α2 is the high-frequency power law index in the broken power law case. We quote the
fifth and ninety-fifth percentiles for each quantity derived from a MCMC sample of 50000 individual parameter sets.
Fig. 15.— Fermi GBM observation of burst bn080823847a from SGR J0501 + 4516. Left: light curve with a time resolution of 0.002
seconds. Structure in the burst profile is clearly visible. Right: unbinned (blue) and binned (magenta: 16 Hz binning; orange: 65 Hz
binning) periodogram for this burst. There is a feature in the periodogram around 30 Hz (leftmost arrow), which is by itself not significant.
However, significant features reported in Table 3 are all at integer multiples of this frequency (within the uncertainty imposed by the
frequency resolution), indicating the presence of harmonics at 150 Hz, 300 Hz, 900 Hz and 2100 Hz (arrows 2-5).
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TABLE 2
RESULTS for the search for periodicities and quasi-periodicities in the entire sample of bursts.
Burst ID maximum measured power sensitivities [% rms] p(LRT )
TR νmax p(TR) 40 Hz 70 Hz 100 Hz 500 Hz
080822529 1.43 1973 0.77 ± 0.01 19 19 19 19 0.47 ± 0.02
080822647 14.36 3283 0.56 ± 0.02 78 40 28 16 0.48 ± 0.02
080822981 7.79 2118 0.98 ± 0.004 · · · · · · 72 16 0.76 ± 0.02
080823020 13.77 3145 0.31 ± 0.01 80 32 23 13 0.50 ± 0.02
080823091 0.44 2367 0.80 ± 0.01 9 9 9 9 0.51 ± 0.02
080823174 18.14 1711 0.24 ± 0.01 13 12 12 12 0.48 ± 0.02
080823248 12.49 95 0.91 ± 0.01 18 17 17 17 0.53 ± 0.02
080823293a 15.51 2069 0.32 ± 0.02 23 14 12 10 0.49 ± 0.02
080823293b 11.03 3593 0.54 ± 0.02 35 35 35 35 0.50 ± 0.02
080823319 14.39 1542 0.43 ± 0.02 28 18 16 14 0.54 ± 0.02
080823330 15.07 3695 0.46 ± 0.02 40 19 12 6 0.88 ± 0.01
080823354 12.13 2407 0.72 ± 0.01 46 26 21 18 0.81 ± 0.02
080823429 12.97 3689 0.55 ± 0.02 81 24 17 13 0.49 ± 0.02
080823478 15.71 2317 0.42 ± 0.02 28 12 8 4 0.51 ± 0.02
080823623 18.60 902 0.09 ± 0.009 24 17 16 14 0.51 ± 0.02
080823714 15.03 1301 0.69 ± 0.01 19 14 13 11 0.85 ± 0.01
080823847a 18.88 4057 0.11 ± 0.01 43 23 15 8 0.49 ± 0.02
080823847b 11.03 2515 0.94 ± 0.007 · · · 57 40 15 0.50 ± 0.02
080823986 10.07 2791 0.74 ± 0.01 19 19 19 19 0.47 ± 0.02
080824346 9.39 2968 0.83 ± 0.01 · · · 70 55 26 0.52 ± 0.02
080824828 2.54 74 0.66 ± 0.01 23 23 23 23 0.24 ± 0.02
080825401 12.36 496 0.80 ± 0.01 73 36 26 7 0.94 ± 0.007
080826136 12.80 2868 0.77 ± 0.01 43 20 11 5 0.54 ± 0.02
080826236 13.16 3536 0.49 ± 0.02 70 38 28 15 0.56 ± 0.02
080828875 12.24 667 0.56 ± 0.02 54 25 17 17 0.53 ± 0.02
080903421 9.97 3781 0.66 ± 0.02 · · · 33 24 22 0.56 ± 0.02
080903787 14.04 2817 0.40 ± 0.02 73 42 28 16 0.50 ± 0.02
Note. — We show the TR = maxj(Rˆj) statistics for each burst, along with the associated frequency and the posterior probability
to find this outlier given a pure noise process. For each burst, we also quote sensitivities, i.e. the fractional rms amplitude a periodic
process would have needed to have in order to be detectable for our method, given the noise process and parameters determined for
that burst. Note that due to the excess power in the low-frequency part spectrum being modeled as red noise, the sensitivity will
depend on frequency, and be generally less constrained in the low-frequency part of the spectrum than in the white-noise dominated
high-frequency spectrum. Where no sensitivity is given, the derived value exceeded 100 %. A signal with more than 100% fractional
rms amplitude would have negative counts, and is therefore not physical. A sensitivity limit on the amplitude > 100% merely indicates
that we cannot constrain the signal amplitude at the given frequency at all. Finally, we also present the posterior probability on the
likelihood ratio for a model containing a QPO versus a model without QPO, which is an indicator for the presence of a QPO in the
spectrum.
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TABLE 3
Posterior summary for various binned
periodograms derived from burst 080823847a
dνbin [Hz] νmax [Hz] TR p(TR)
16 310 7.24 0.017 ± 0.004
22 2094 7.01 0.004 ± 0.002
32 301 6.01 0.003 ± 0.002
47 307 4.90 0.002 ± 0.001
63 4067 4.27 0.003 ± 0.002
95 2096 4.10 (< 2.0× 10−5)
158 2129 3.26 (< 2.0× 10−5)
316 2050 2.59 0.027 ± 0.005
633 2050 2.45 0.003 ± 0.002
949 2050 2.34 0.007 ± 0.003
1583 2050 2.16 0.029 ± 0.005
Note. — P-values were derived using an increased
number of 50000 simulations in order to increase the
resolution on small probabilities. The first column
holds the binned frequency resolution, dνbin, the sec-
ond column the frequency at which the highest outlier
TR was found, νmax, column three the corresponding
value of the TR statistic and finally column four the
associated posterior p-value to find that value in a pure
noise spectrum, binned to the same frequency resolu-
tion. Note the probabilities without errors in brackets
at binning frequencies of 95 and 158 Hz. The p-value
there turned out to be zero at these binning frequen-
cies. Of course, the p-value is not actually zero, how-
ever, since we approximate the posterior distribution
of TR with a finite number of simulations, there is a
possibility that the true probability to achieve the ob-
served value with only noise is small enough that none
of the simulations will exceed the observed TR, giv-
ing rise to a zero p-value. We computed the p-values
with up to 50000 simulations, and hence state an upper
limit on the p-value of 2.0× 10−5.
the detection threshold corresponding to a posterior p-
value of 5%. However, the same burst shows significant
signals in the binned periodograms, as summarized in
Table 3. Note that p-values quoted there are corrected
for the number of frequencies searched, but neither for
the number of bursts searched nor the number of binned
spectra searched for each burst. While the former is
straightforward (a simple multiplication factor of 27 for
the number of bursts searched), the latter is more compli-
cated, owing to the fact that searching different binnings
for a single periodogram does not result in independent
trials. The most conservative assumption is to consider
them independent, including another multiplication fac-
tor equal to the number of binnings searched (here: 9).
This would rule out all but the two signals with frequency
bins of 95 and 158 Hz, which remain significant even after
a correction for the number of trials.
Comparing the results in Table 3 to the periodogram
of the same burst in Figure 15 allows for several interest-
ing observations, whose implications will be discussed in
detail in Section 6. The frequencies at which significant
excess powers are detected in the binned spectra are all
at integer multiples of a suspicious feature at around
30 Hz, which in itself is not significant in any of the
searches. The periodogram itself shows fairly prominent
features at the frequencies at which signals are detected
(see arrows in Figure 15, right panel), which become
more prominent in the binned spectra, lending confi-
dence that these might be real signals, and not false
positive detections. If indeed there is a feature at 30
Hz, whose significance is diminished by the presence
of red noise, then the higher-frequency detections may
correspond to harmonics of this signal. The implications
of these findings are discussed in more detail in Section
6. Since we only search for the highest peak in each
periodogram, there is a chance that several frequencies
may be significant in each binned periodogram. This
would require a more extensive search, including e.g.
the second- and third-highest peaks in the analysis.
Additionally, a potential signal may have an energy
dependence, thus an energy-resolved timing analysis
may yield more conclusive results.
In none of the twenty-seven bursts do we find any sig-
nificant QPOs (see last column in Table 2). Posterior
probabilities for the broadband model alone are largely
in the range 0.2 to 0.8, indicating that the broadband
model alone is an adequate fit to the data, and an addi-
tional Lorentzian does not result in a better fit. However,
we also note that the posterior probability of the likeli-
hood ratio is clustered around 0.5 for 19 out of 27 bursts.
Since for a well-behaved probability statistic applied to
data consistent with the null hypothesis, p-values should
be uniformly distributed between 0 and 1, this clustering
indicates that the test is conservative in the sense that
it does not overstate the rejection of either null hypoth-
esis or alternative hypothesis. In practice, results on the
likelihood ratio test should be combined with those on
the binned spectra to yield reliable detections.
5.4. Broadband Variability
The broadband variability observed in the bursts is not
just a nuisance when searching for (quasi-) periodicities,
but is of interest in its own right: it shows that something
is varying in the source, although not periodically. Here,
we have chosen a purely phenomenological approach, se-
lecting empirical models that are both simple and widely
observed in many astrophysical contexts, without physi-
cal justification. Hence, the question of whether we can
derive any physical knowledge from these empirical mod-
els is an interesting and important one.
Fig. 16.— Distribution of power law indices (α for single power
law, α2 for broken power law) for all bursts where the power law
or broken power law was preferred.
Almost all bursts in the sample are well-modeled by a
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simple power law, although the lower and upper bounds
on the 90% credible interval show a large variation in
some indices, indicating that they are not very well con-
strained. Some caution should be used when interpreting
these values, since they were derived from a sample of
bursts with very diverse properties overall, such as burst
length and fluence. Additionally, an unmodeled burst
envelope may significantly change the slope of the power
law-like part of the periodogram. A reliable characterisa-
tion of the broadband properties hinges on our knowledge
of the processes (both noise and non-stochastic) involved,
and will be deferred to a future paper involving a larger
sample of bursts. Figure 16 shows the distribution of
power law indices for all bursts where at least a simple
power law was required to adequately represent the data.
The distribution of indices ranges from 1.7 to 4.3 and
peaks around 2.5, which is higher than commonly seen
for example in Gamma-ray bursts (see e.g. Beloborodov
et al. 2000 and Guidorzi et al. 2012).
Four bursts could be modeled without invoking the
presence of red noise at all; contributions by burst vari-
ability were confined to very low frequencies and stan-
dard Fourier techniques apply for all but the first three
or four frequency bins. Only two bursts required the
more complex model (bursts 080823478 and 080826236).
While these were not the longest bursts, they had
the highest fluence (except for the excluded saturated
bursts), indicating a potential correlation between power
spectral shape and burst fluence. This is expected: the
normalization (i.e. the relative strength to the noise)
of the broadband noise model depends directly on the
number of counts detected, thus bright bursts may en-
able us to see the cut-off frequency of the power-law as
set by the burst duration, whereas many of the other
bursts have too low a fluence to observe the same be-
haviour. Alternatively, it is possible that the difference
in power spectral shape is intrinsic to the source, that
is, the physical processes creating this kind of variability
vary in some way with burst fluence. Without a model
for the emission processes producing the burst in the first
place, however, it is difficult to assess the validity of the
latter hypothesis. Additionally, with only two bursts pre-
ferring the broken power-law model, the numbers are too
low to draw conclusions, and we defer the discussion on
the physical implications of the broadband noise model-
ing to a later paper utilizing a larger sample of magnetar
bursts.
6. DISCUSSION AND CONCLUSION
Magnetar bursts are a potential window into the in-
terior of neutron stars, via the oscillations measured in
magnetar giant flares. Finding analogous signals in the
wealth of short SGR bursts, however, poses something
of a challenge. We have shown that timing analysis of
astrophysical transients is a non-trivial problem. Stan-
dard Fourier techniques are defined for infinitely long
time series, an assumption that is clearly broken by the
non-stationary nature of transient events in general, and
magnetar bursts in particular.
Monte Carlo simulations of light curves fail to be pre-
dictive when there is no precise knowledge of the under-
lying burst light curve: there is a degeneracy between
the overall, aperiodic burst shape, a potential red noise
component, and the very thing we would like to measure:
a QPO. When the light curve is not adequately modeled,
then the periodograms produced from the Monte Carlo
simulations will not reproduce the low-frequency part of
the periodogram, where it clearly diverges from the sta-
tistical distributions expected for pure white noise.
In the absence of better knowledge about the emission
processes in magnetar bursts, we advocate a conserva-
tive Bayesian method that models the burst light curve
as a pure red noise process. It is purely empirical in
the sense that it does not require additional assumptions
on the underlying physical processes, except for fairly
broad assumptions on what the power spectrum shape
might be. Assuming pure red noise is, in a way, the com-
plementary extreme to Monte Carlo simulations of the
light curve: in one, we assume only a deterministic burst
profile without the presence of red noise, with the price
that inadequate modeling of the periodogram shape will
lead to spurious detections. Here, we assume only red
noise, at the cost that weak signals are likely missed.
This is the greatest weakness of our approach. We have
shown in Section 4 that even strong signals may be un-
detectable at low frequencies, where burst envelope and
red noise dominate. These, however, are exactly the fre-
quencies at which many of the QPOs in giant flares have
been seen (e.g. 18 Hz, 30 Hz for the 2004 giant flare, see
Israel et al. (2005)). This limitation is in part not only
due to restrictions of our method, but also to the short
lengths of the SGR bursts, where at these frequencies
only one or two cycles may be seen in the light curve.
Upper limits below 100 Hz are often fairly unconstrain-
ing, and range from 10 % to more than 100 % fractional
rms amplitude for a signal to be detectable. At frequen-
cies close to and above 100 Hz, sensitivities approach
the white noise limit, which is strongly dependent on the
number of photons from a particular burst. Thus, for a
bright burst with good count statistics, sensitivities are
quite constraining, down to less than 10 % (e.g. burst
080823478, see Table 2). This is comparable to what was
observed in giant flares: for example, a QPO at 93 Hz,
as seen in the 2004 flare, at roughly 10 % rms amplitude
(Israel et al. 2005; Watts & Strohmayer 2006), should be
detectable in at least the brightest bursts of our sample.
Similarly, a high-frequency QPO like the one at 625 Hz
seen in the 2004 flare with a fractional rms amplitude of
up to 20 % should be clearly detected with our method
as well.
However, QPOs in SGR bursts may be less strong than
in the giant flares, owing to the lower energy injected
in SGR bursts, and hence more likely to be misclassi-
fied as non-detections, if their fractional rms amplitudes
fall below 5 %. Additionally, we restrict ourselves when
searching for periodicities by considering only the high-
est peak in the spectrum, which is clearly not adequate
when there are multiple signals in the periodogram. On
the other hand, if even the highest peak is not signif-
icant, any other peak in the periodogram will be even
less significant.
The burst 080823847a presents an interesting case that
illustrates the limits of a pure signal-processing approach
to the timing analysis shown here. Two of several signif-
icant signals detected in the binned spectra remain sig-
nificant even after the most conservative correction for
the number of trials is applied, indicating that there is
indeed a real signal present. However, the nature of this
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signal is at present unclear. The detected signals are
possibly harmonics of a lower-frequency signal around
30 Hz, corresponding to a timescale of τ = 1/ν = 33
ms. This timescale roughly corresponds to the two sharp
peaks seen in the burst light curve in Figure 15 (left side).
Whether we consider this to be a QPO atop a burst en-
velope or not cannot be answered from Fourier analysis
alone; it becomes a matter of interpretation and prior
knowledge. The presence of harmonics indicates a sig-
nal repeating on the time scale of the fundamental, but
with variability on shorter timescales in the signal. One
could well interpret the two peaks in the light curve as
a strongly damped (quasi-)periodic signal that is ampli-
fied together with some underlying burst profile and dies
away after two, possibly three, cycles. The frequency of
this signal is similar to that observed from the 2004 giant
flare (Israel et al. 2005, Strohmayer & Watts 2005), and
thus not unlikely. On the other hand, this kind of sig-
nal can equally well be derived from a red noise process.
The fact that red noise is a stochastic process means
that at some point, two or even three peaks will follow
each other, as in the present burst. While red noise it-
self would not introduce harmonics, the signal could be
boosted by an underlying burst envelope, introducing the
observed harmonics. At present, without any knowledge
about emission processes and the kind of light curve they
produce, it is impossible to distinguish the two, and we
choose the conservative approach and interpret the ob-
served feature as part of a noise process.
Another problem as yet unsolved is that of false non-
detections we expect, i.e. weak signals missed due to the
fact that we assume a pure red noise process. There are
several ways to break this dilemma, but all require more
detailed knowledge of the variability-producing processes
in the neutron star, and this is where both theoretical ef-
forts and development of novel statistical techniques are
required. What produces the burst emission? What pro-
duces the aperiodic variability seen in the red noise part
of the periodograms? Until we can answer these ques-
tions, finding QPOs in magnetar bursts will always suf-
fer from the essential degeneracy between burst envelope
and red noise. If we knew the overall burst shape, one
could for example simulate light curves, but as a com-
bination of a burst profile and a red noise process, as
done in Section 4, and compare this sample to the ob-
served periodogram. Other approaches involve leaving
behind the Fourier domain and its incorrect assumption
of stationarity behind altogether.
Knowledge about the burst envelope, on the other
hand, would also offer us an additional source of
observational information to exploit: if we can use the
existing information on the hundreds of bursts available
to learn something about the burst envelope shape,
we may be able to put tight constraints on potential
QPO detections and provide additional observational
constraints for burst emission models in general. Clearly,
with the right statistical techniques, there is a wealth
of information yet to be extracted from the SGR
bursts observed with Fermi GBM. Additionally, for
bursts with high count rates, it is possible to study
variability properties of the bursts with energy, thanks
to Fermi/GBM’s excellent energy resolution. These
studies may provide additional information on QPOs
that depend on energy. The methods developed here,
however, while developed with SGR bursts in mind, are
by no means limited to magnetars. They are applicable
in fairly general circumstances, for any light curve
that is phenomenologically similar to what we observe
from magnetars: highly variable, transient events with
complex light curves. This includes, for example, other
known transients such as gamma-ray bursts (GRBs),
tidal disruption events and supernova light curves.
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APPENDIX
A. COMPARISON WITH RECENT RESULTS
El-Mezeini & Ibrahim (2010) searched a data set of SGR bursts from SGR J1806-20, found in data taken with the
Rossi X-ray Timing Explorer (RXTE). They report the significant detection of QPOs in five different SGR bursts
out of a sample of thirty, with frequencies of 84, 103 and 648 Hz with significances > 4.3σ, estimated using Monte
Carlo simulations of light curves equivalent to those described in Section 2.1, by smoothing the burst light curve
and subsequently adding Poisson detector noise to form a null hypothesis against which to test the data. For the
reasons stated in Section 2.1, we do not believe these estimates to be conservative, and consequently reanalyze this
data set from 1996 November 5-18 after barycentering the data and filtering out photons outside the range 2− 60keV,
where the response curve of the instrument indicates that noise will dominate at these energies. We use data from
all proportional counter units (PCUs) of the PCA detector. We use the Bayesian analysis presented in Section 2.2 to
choose a broadband noise model and search for (quasi-)periodic signals in the same data set. The results are presented
in Table 4 and Figures 17 (a) to (e).
For the most part, we cannot confirm the detections shown in El-Mezeini & Ibrahim (2010) using our Bayesian
methods. Only one burst shows a marginally significant signal: burst 3 (p = 0.03 ± 0.01) at a frequency of around
3706 Hz, and only in one binned spectrum. Given the posterior probability is very close to our (rather high) detection
threshold, we are inclined to disregard this detection as insignificant as well, as it would indeed become insignificant
as soon as we take the number of bursts searched into account. This result is in stark contrast with the probabilities
quoted in El-Mezeini & Ibrahim (2010). There are, however, errors in their analysis: taking into account the varying
nature of the background lightcurve should make the significance of any claimed detection drop compared to the
significance computed from the ideal χ2 distribution. Although El-Mezeini & Ibrahim (2010) do carry out simulations,
the significances that they quote rise substantially, indicating a problem in their Monte Carlo simulation method.
Indeed their simulated power spectra show far fewer high noise powers than one would expect given the number of
simulations carried out and the number of independent frequency bins (enhancing the significance of any tentative
detection).
B. DATA ANALYSIS RECIPES
B.1. How to fit a noise model
Fitting a noise model is essentially a model selection task. In the following, we will lay out the individual steps in a
recipe-like style.
1. Compute a periodogram of the burst light curve.
2. Fit the periodogram with both a simple model (the null hypothesis) and a more complex model (the alternative
hypothesis we wish to test against), to get MAP estimates for the parameters in each model
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TABLE 4
Summary of the Bayesian analysis for five bursts presented in El-Mezeini & Ibrahim (2010). The choice of broadband
model is recorded, as well as the results of the periodicity and QPO searches. Note that the posterior probability for
the summed squared residuals (p(SSE) is shown for the model with the better fit, whereas the posterior probability for
the likelihood ratio p(LRT ) is shown for the simpler model always.
quantity burst 1 burst 2 burst 3 burst 4 burst 5
start time [MET s] 90915519.65 90909708.72 90925017.31 90915519.65 9093707656
length [s] 0.13 0.31 0.12 0.11 0.36
model PL PL PL PL PL
p(LRT) 0.84 ± 0.01 0.59 ± 0.01 0.13 ± 0.01 0.41 ± 0.01 0.38 ± 0.02
p(SSE) 0.91 ± 0.008 0.85 ± 0.01 0.39 ± 0.02 0.26 ± 0.01 0.75 ± 0.01
α1 2.63 2.68 2.52 2.67 2.29
α1 5% 2.07 2.31 2.06 2.10 2.11
α1 95% 3.31 3.12 3.04 3.37 2.47
unsmoothed
max(2I/S) 15.11 13.99 13.67 13.18 14.46
νmax 2464 2690 3696 3694 3246
p(TR) 0.13 ± 0.01 0.41 ± 0.02 0.08 ± 0.01 0.32 ± 0.01 0.95 ± 0.02
3 bins
max(2I/S) 8.34 9.21 8.65 9.4 9.24
νmax 2466 2701 3706 3698 1394
p(TR) 0.20 ± 0.01 0.05 ± 0.01 0.03 ± 0.01 0.11 ± 0.01 0.18 ± 0.01
5 bins
max(2I/S) 7.38 8.51 8.73 6.33 7.15
νmax 2352 2703 3695 3687 1395
p(TR) 0.11 ± 0.01 0.05 ± 0.01 0.11 ± 0.01 0.24 ± 0.01 0.20 ± 0.01
11 bins
max(2I/S) 4.27 6.91 5.05 4.98 5.85
νmax 2416 2708 3712 3648 2218
p(TR) 0.07 ± 0.01 0.41 ± 0.01 0.23 ± 0.01 0.29 ± 0.02 0.53 ± 0.01
QPO p(LRT ) 0.49 ± 0.02 0.20 ± 0.02 0.47 ± 0.02 0.54 ± 0.02 0.25 ± 0.01
3. Using the MAP estimates, compute the likelihoods of the data given each model and MAP parameters, then
compute the likelihood ratio of the complex model versus the simple (null) model.
4. Produce a large MCMC sample approximating the posterior distributions of the parameters of the null model.
5. Pick a (large) number n of parameter vectors from this sample (e.g. n = 1000), and create power spectra from
these parameters and simulate a periodogram from each by drawing a realization from the random process the
power spectrum represents. This will yield n fake periodograms.
6. Fit each simulated periodogram with both simple and complex model, exactly in the same way as done for the
burst periodogram, and compute the likelihood ratio of this simulation. The sample of likelihood ratios from
fitting the simulated periodograms will be representative of the likelihood ratios one expects when fitting both
the simple and complex model to a sample of periodograms derived entirely from the null hypothesis.
7. Compare the distribution of simulated likelihood ratios with that of the observed burst, and compute the tail
area probability of seeing the observed likelihood ratio, if the data were entirely drawn from the null hypothesis.
If this tail area probability is large, then the data are consistent with the null hypothesis. The converse, however,
is not necessarily true. A small p-value indicates that the data are unlikely to be drawn from the null hypothesis.
This is not a direct proof that the complex model is the underlying process that produced the observed burst,
however, it is an indication that the more complex model is likely a better representation of the data than the
null hypothesis.
B.2. Searching for periodicities
1. Fit a broadband noise model (e.g. the preferred model as defined as above in Section B.1) to the burst, and
compute the residuals Rj = 2Ij/Sj , where Ij are the periodogram powers and Sj is the broadband noise model
at jth frequency νj .
2. From the residuals, pick the highest outlier maxRj ; this is the candidate single-bin periodicity.
3. Simulate a large number of periodograms from an MCMC sample in the same way as done for the choice of noise
model above.
4. Fit each simulated periodogram with the preferred noise model, compute the data/model residuals Rj and find
the maximum outlier maxRj in the residuals of each simulated periodogram.
5. Compare the distribution of maximum outliers from the set of simulations derived from the broadband noise
model with no periodicity present, to the outlier in the real burst periodogram. One may compute the posterior
predictive p-value for the observed outlier in much the same way as for the LRT. If the p-value is large, then the
outlier is consistent with a pure noise distribution.
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Fig. 17.— Light curves, periodograms and posterior distributions for the five bursts from SGR J1806− 20 observed with the Rossi X-ray
Timing Explorer between 1996 November 5-18 presented in El-Mezeini & Ibrahim (2010). Long, upper plots for each burst are the light
curves binned to 0.005 seconds. On the lower left, the unsmoothed periodograms (black) the five-bin smoothed periodogram (orange) as
well as the power law and broken power law fits. Underneath each periodogram is a plot of the residuals of dividing the periodogram by
the broadband model (power law in the middle, and bent-power law on bottom). On the right, the posterior distributions of the highest
data/model outlier for the unsmoothed (upper left) and smoothed periodograms (rest; upper right: 3-bin smoothing, lower left: 5-bin
smoothing; lower right: 11-bin smoothing). The observed value is overplotted as a black vertical line.
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B.3. Searching for QPOs
We search for QPOs as a model selection problem, where we compare the broadband noise model to a more complex
model combining both the broadband noise model and a Lorentzian to account for the QPO. Because we do not know
the centroid frequency of the potential QPO inherently, the task is slightly more complex than that which we use for
the choice of noise model.
1. Fit the observed periodogram with the broadband noise model and compute residuals Rj . Smooth the residuals
with a Wiener filter with a width of 5 frequency bins in order to reduce the probability of the minimisation
algorithm terminating in local minima due to sharp noise features.
2. At each frequency, fit a flat line and a Lorentzian of variable width and intensity, but fixed centroid frequency
to the smoothed residuals and compute the likelihood of that fit. We leave out the first five and last five bins in
order to avoid fitting the edge of the periodogram. The result of this process will be the maximum likelihood as
a function of frequency.
3. Pick the frequency bin with the largest maximum likelihood as given from modeling each frequency.
4. Fit the full-resolution periodogram with the broadband noise model alone as well as a combined model of
broadband red noise and Lorentzian, using the model parameters for the largest maximum likelihood fit in the
previous step as starting parameters for this fit.
5. Compute the likelihood ratio for these two models.
6. Simulate a large number of periodograms (in our case, 500 to reduce computational load) from an MCMC sample
of the broadband noise model.
7. For each simulated periodogram, follow the exact same procedure in steps 1 through 4 to produce an approxi-
mation to the distribution of likelihood ratios from the null hypothesis.
8. Compare the distribution of likelihood ratios derived from the simulated periodograms to the likelihood ratio
for the observed burst, and compute a posterior predictive p-value for the probability of obtaining the observed
likelihood ratio, if the data were consistent with pure red noise.
